
UNIVERSITY OF OKLAHOMA 

GRADUATE COLLEGE 

 

 

 

 

 

 

 

 

 

Studies in Anthropological Metabolomic and Microbial Approaches 

 

 

 

 

 

 

 

 

 

 

 

 

 

A DISSERTATION 

SUBMITTED TO THE GRADUATE FACULTY 

in partial fulfillment of the requirements for the 

Degree of 

DOCTOR OF PHILOSOPHY 

 

 

 

 

 

By 

 

JACOB J. HAFFNER 

Norman, Oklahoma 

2023 

 



Studies in Anthropological Metabolomic and Microbial Approaches 

 

A DISSERTATION APPROVED FOR THE 

DEPARTMENT OF ANTHROPOLOGY 

 

 

 

 

 

 

BY THE COMMITTEE CONSISTING OF 

 

 

Dr. Cecil M. Lewis, Jr., Chair 

 

Dr. Jessica Cerezo-Román 

 

Dr. Thomas Fenn 

 

Dr. Luca Fornelli 

  

Dr. Krithivasan Sankaranarayanan 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

© Copyright by JACOB J. HAFFNER 2023 

All Rights Reserved.



iv 

 

Acknowledgements 

 First, I thank everyone who offered academic support and advice throughout graduate 

school. None of this would be possible without the support and patience of several key people. 

One such person is my committee chair, Dr. Cecil Lewis, whose endless optimism, patience, and 

wisdom enabled me to pursue this academic journey. I am sincerely grateful and appreciate 

mentorship – thank you. I would also like to thank Dr. Laura-Isobel McCall, who provided 

training in everything related to mass spectrometry-based metabolomics, including but not 

limited to laboratory, bioinformatics, and experiment design. Her guidance and mentorship 

greatly facilitated my graduate progress. I also thank Dr. Tanvi Honap and Dr. Krithi 

Sankaranarayanan for their contributions to my work and their assistance in brainstorming, 

suggestions, lessons, and their patience over my time at LMAMR, especially for training me in 

wet-lab protocols and bioinformatics. Additionally, I am deeply thankful to Dr. Jessica Cerezo-

Román, Dr. Thomas Fenn, and Dr. Luca Fornelli for the variety of ideas, suggestions, and advice 

whenever we spoke, and especially for their contributions in this dissertation and broader 

graduate school experience.  

 I would also like to thank everyone at LMAMR (Nisha, Allie, Dave, Rita, Justin, 

Sterling, Christine, Abby, Sam, Robin, Kristen, Karissa, Nihan, Sarah, Hande, Horvey, Lizi, 

Cara, Amy, Chris, and everyone else) and the McCall Lab (Danya, Ekram, Mahbobeh, Azadeh, 

Morgan, Rebecca, Zongyuan, Jarrod, Monica, Nathan, Caitlyn, Gautham, Karina, Adwaita, 

Shelley, Mitchelle, and everyone else) for their patience, support, and putting up with all my 

ramblings/venting throughout my time at OU. 



v 

 

 I would also like to thank all the collaborators and co-authors whom I’ve worked with 

throughout graduate school, as well as those working on any future manuscripts. Additionally, I 

would also like to thank everyone who contributed samples to my various research projects; none 

of this would be possible without your generosity and openness. 

 Lastly, I would like to thank my family and friends for their support and much-needed 

optimism (especially to offset my cynicism). To my parents, Denise and Jim, thank you for your 

encouragement and support throughout my time in school (and beyond). To my sister, Julie, 

thank you for helping keep me sane, entertained, and for all your support. Also, thank you to 

Lori, Caitlin, Alex, Emily, Armen, Alex “Smurf”, and everyone else for your friendship and 

kindness.  

   



vi 

 

Table of Contents 

Acknowledgements ........................................................................................................................ iv 

List of Tables and Figures............................................................................................................... x 

Chapter 1 ..................................................................................................................................... x 

Chapter 2 ..................................................................................................................................... x 

Chapter 3 ..................................................................................................................................... x 

Chapter 4 .................................................................................................................................... xi 

Chapter 5 .................................................................................................................................... xi 

Abstract ......................................................................................................................................... xii 

Chapter 1 – Introduction ................................................................................................................. 1 

1.1 MOLECULAR ANTHROPOLOGY BACKGROUND .................................................. 1 

1.2 MASS SPECTROMETRY-BASED METABOLOMICS ............................................... 2 

1.3 MOLECULAR ANTHROPOLOGY AND METABOLOMICS .................................... 6 

1.4 DISSERTATION STRUCTURE ..................................................................................... 8 

Chapter 2 – Untargeted Fecal Metabolomic Analyses across an Industrialization Gradient Reveal 

Shared Metabolites and Impact of Industrialization on Fecal Microbiome-Metabolome 

Interactions, ................................................................................................................................... 10 

2.1 ABSTRACT ........................................................................................................................ 10 

2.2 INTRODUCTION .............................................................................................................. 11 

2.3 MATERIALS AND METHODS ........................................................................................ 13 



vii 

 

Project Design ....................................................................................................................... 13 

Populations ............................................................................................................................ 14 

Sample Collection ................................................................................................................. 17 

Ethics Approval and Informed Consent ................................................................................ 18 

LC-MS/MS Fecal Sample Preparation ................................................................................. 19 

LC-MS/MS Analysis ............................................................................................................ 19 

Data Analysis and Processing ............................................................................................... 21 

Mmvec and Statistical Analyses ........................................................................................... 23 

Data Availability ................................................................................................................... 24 

2.4 RESULTS AND DISCUSSION ......................................................................................... 25 

2.5 CONCLUSIONS................................................................................................................. 46 

Chapter 3 - Untargeted Mass Spectrometry-Based Metabolomics Reveals Responses to High 

Fiber Whole-Food Diets and Microbiome Composition in Mice ................................................. 47 

3.1 ABSTRACT ........................................................................................................................ 47 

3.2 INTRODUCTION .............................................................................................................. 49 

3.3 MATERIALS AND METHODS ........................................................................................ 51 

Experiment Design................................................................................................................ 51 

Dietary Formulation .............................................................................................................. 53 

Gnotobiotic husbandry .......................................................................................................... 53 

Colonization of GF mice with human fecal samples and diet interventions ........................ 53 



viii 

 

Metabolite extraction for untargeted metabolomics ............................................................. 54 

Liquid Chromatography-Tandem Mass Spectrometry Data Acquisition ............................. 55 

Untargeted Metabolomics Data Analysis ............................................................................. 55 

Data availability .................................................................................................................... 58 

3.4 RESULTS AND DISCUSSION ......................................................................................... 59 

Diet and gut community differentially modulate cecal metabolites ..................................... 59 

Diets and gut communities modulate serum metabolites ..................................................... 70 

3.5 CONCLUSIONS................................................................................................................. 71 

Chapter 4 - Mass Spectrometry Database of Archaeologically Relevant Plants .......................... 73 

for Organic Residue Analysis ....................................................................................................... 73 

4.1 ABSTRACT ........................................................................................................................ 73 

4.2 INTRODUCTION .............................................................................................................. 74 

4.3 MATERIALS AND METHODS ........................................................................................ 78 

Project Design ....................................................................................................................... 78 

Sample Collection ................................................................................................................. 79 

Sample Treatment and Extraction ......................................................................................... 80 

LC-MS/MS Analysis ............................................................................................................ 83 

Data Analysis and Processing ............................................................................................... 84 

Data Availability ................................................................................................................... 85 

4.4 RESULTS AND DISCUSSION ......................................................................................... 85 



ix 

 

4.5 CONCLUSIONS................................................................................................................. 91 

CHAPTER 5 - CONCLUSIONS .................................................................................................. 93 

Bibliography ................................................................................................................................. 96 

Supplementary Material A .......................................................................................................... 114 

Author List and Affiliations .................................................................................................... 114 

Author Contributions .............................................................................................................. 114 

Acknowledgements ................................................................................................................. 115 

Supplementary Figures 2.1-2.4 ............................................................................................... 116 

Supplementary Tables 2.1-2.4 ................................................................................................ 174 

Supplementary Material B .......................................................................................................... 240 

Author List and Affiliations .................................................................................................... 240 

Author Contributions .............................................................................................................. 240 

Acknowledgements ................................................................................................................. 241 

Supplementary Figures 3.1-3.4 ............................................................................................... 242 

Supplementary Material C .......................................................................................................... 248 

Author List and Affiliations .................................................................................................... 248 

Author Contributions .............................................................................................................. 249 

Acknowledgements ................................................................................................................. 249 

Supplementary Table 4.1 ........................................................................................................ 250 

 



x 

 

List of Tables and Figures 

Chapter 1 

No tables or figures 

Chapter 2 

Table 2.1: Sampled population metadata. ..................................................................................... 14 

Figure 2.1: Fecal metabolomic profiles follow an industrialization gradient. .............................. 28 

Table 2.2: Top 30 most differential metabolite features as determined by random forest classifier.

....................................................................................................................................................... 36 

Figure 2.2: The shared human metabolome. ................................................................................. 39 

Figure 2.3: Principal component analyses (PCA) illustrate probable metabolite-microbe co-

occurrences. .................................................................................................................................. 43 

Chapter 3 

Figure 3.1: Experiment design. ..................................................................................................... 51 

Table 3.1: Composition of Teklad global 18% protein rodent diet. ............................................. 52 

Figure 3.2: Gut microbial community and diet modulate cecal metabolites. ............................... 60 

Figure 3.3: Unique and overlapping metabolite features with differential abundance between 

donor and diet combinations in cecal contents (UpSet plot). ....................................................... 64 

Figure 3.4: Plant-derived metabolite families differentially impacted by microbiome and diet. . 65 

Figure 3.5: Impact of donor and diet on bile acid relative abundance. ......................................... 67 

Figure 3.6: Impact of donor and diet on commendamide and kynurenic acid. ............................ 69 



xi 

 

Chapter 4 

Figure 4.1: Plant sampling locations. ............................................................................................ 78 

Figure 4.2: Experiment design. ..................................................................................................... 82 

Figure 4.3: Molecular networks highlight region-based abundances of plant chemical 

compounds. ................................................................................................................................... 88 

Chapter 5 

No tables or figures 

 

  



xii 

 

Abstract 

Human biology is shaped by layers of interacting biomolecules, from genes to proteins 

and small molecules called metabolites. These molecules are crucial participants in biochemical 

reactions, representing biological information within and above the genome. Investigating the 

system of small molecules (the metabolome) offers deep inquiries into the interplay between 

human health, biology, behavior, and the environment. Anthropological interest in these small 

molecules is growing, but more work is needed to integrate metabolomics within anthropology. 

In this spirit, this dissertation applies metabolomics approaches with mass spectrometry to 

address anthropological questions. Chapter one provides a background over mass spectrometry, 

metabolomics, and anthropological engagement with these approaches. From there, chapter two 

directly applies mass spectrometry-based metabolomics to study human fecal metabolomes of 

individuals practicing varying lifeways from Africa and the Americas, revealing key chemical 

components to the human gut. Next, chapter three investigates mouse metabolites modulated by 

gut microbes responding to three high-fiber high-fat diets, revealing personalized health and 

biological responses to dietary shifts. Chapter four then applies mass spectrometry-based 

metabolomics to preserved residues found in archaeological contexts by analyzing plant and 

dietary materials relevant to archaeological communities. We discuss new developed methods to 

analyze these samples, report plant molecules associated with these samples, and detail plans to 

make these data publicly available for archaeologists and other scholars to integrate into their 

analyses, improving results generated from these archaeological samples. Together, these three 

projects explore novel methods of integrating these metabolomic approaches and data into 

anthropological investigations of past and present human health, behavior, and biology. 
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Chapter 1 – Introduction 

1.1 MOLECULAR ANTHROPOLOGY BACKGROUND 

Knowledge of the molecular dimensions to human health and biology have grown rapidly 

over recent years due to analytical and technological advancements enabling deep inquiries into 

systems biology. These approaches revealed how genetic information flows from genes into 

transcribed RNA, which are then translated into proteins using small molecules to participate in 

chemical reactions along molecular pathways1. In anthropology’s investigation of the human 

experience2, subdisciplines like biological anthropology adopted these analytical approaches. 

Coupled with the growth of fields like genomics and systems biology, biological anthropology 

expanded molecular anthropology to represent a series of applied chemical, biological, and 

microbiological approaches to answering anthropology questions3. 

Recent studies in molecular anthropology have had a wide range of impact, from 

understanding human-ape evolutionary relationships through comparing microbial profiles 

between humans and great apes4, illustrating new ways of exploring health states and disease 

susceptibilities5,6, studying Neanderthal DNA7,8, analyzing ancient proteins reflecting past 

human diets9, to name a few. Using cutting-edge genomics, molecular anthropology research has 

extensively characterized the genes, transcripts, and proteins involved in human biology, the 

classic “central dogma” of biology applied to humans. However, above these “omic” systems is 

metabolomics. Far less anthropological research has comparatively focused on the small 

molecules responsible for biological processes. These small molecules, called metabolites, 

represent biological information beyond the genome as they shape the biological phenotype1,10,11. 
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Thus, anthropological understandings of human biology and health, especially as they relate to 

unique lifestyles and environments, require knowledge of these metabolite-oriented components. 

1.2 MASS SPECTROMETRY-BASED METABOLOMICS 

While many definitions exist within the field, small molecules (metabolites) refer to any 

molecule involved in some biochemical reaction <1500 Daltons (Da) in size1,12. Together, the 

sum of metabolites present in a biological system is called the metabolome1,13. Importantly, the 

metabolome not only includes endogenous molecules produced by the host (and their associated 

microbes), but also exogenous molecules accrued from the environment12,14. These molecules 

represent the intermediate and end products of any given biochemical reaction1,11. Metabolomics 

provides a snapshot of the biological state of an organism/sample, which combined with gene, 

transcript, and protein abundances, constitute the molecular phenotype of an organism. For 

humans, the metabolome represents the direct interaction between host genetics and the 

environment, cultural practices, lifestyles, etc. down to a molecular level.  

One common approach to characterize metabolomes is through mass spectrometry (MS).  

Due to the extensive variability of metabolites, it is impossible to completely characterize the 

metabolome12. Thus, researchers choose MS instruments, parts, and any laboratory protocols 

based on their specific research questions. While these details vary between projects, MS detects, 

quantifies, and analyzes the molecules present in biological samples by sorting the detected 

molecules according to their masses15,16. Four critical steps are involved in MS analysis: 1. 

sample molecules are introduced to the MS instrument; 2. sample molecules become ionized to 

create charged particles; 3. charged ions are separated based on their properties as they pass 

through the instrument (with optional steps to filter out certain molecules); 4. molecules of 

interest are quantified by a detector11,15. Some MS techniques include an additional step called 
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tandem mass spectrometry (MS/MS, or MS2), which fragments charged ions after detection and 

runs these charged fragments through the detector again15. This second fragmentation step 

improves molecule annotation by providing more detailed structural information about the 

sample molecules. All MS instruments and components complete the four major steps of 

introduction, ionization, separation, and detection in different ways and each variation introduces 

different biases15. In the end, these steps provide detailed data about the molecular composition 

of biological organisms/samples. 

MS-based metabolomic research generally falls into one of two categories: targeted or 

untargeted. Targeted analyses focus on quantifying known or suspected molecules in a sample or 

biological system14,17, while untargeted analyses characterize the global range of detectable 

metabolites in a sample or system15,16. Since no approach completely captures all aspects of a 

metabolome, researchers will select the targeted or untargeted approach, metabolites of interest, 

experimental conditions, MS instrument, and analysis techniques based on what best addresses 

their specific research question. Moreover, it is important to note analytical challenges are 

especially prevalent when analyzing untargeted data as it focuses on molecules that often have 

minimal information beyond mass18. In other words, while an untargeted analysis can identify an 

informative trait of the molecule like mass, there is much about its nature that is not fully 

understood. Identifying and analyzing patterns of unknown metabolites present unique 

challenges for untargeted metabolomics, but these analytical tools are rapidly improving over 

time.  

Targeted analyses are more commonly practiced than untargeted, partly because targeted data 

results in fewer data points (metabolites of interest) than untargeted analyses18. Indeed, targeted 

approaches are especially frequent in anthropology studies compared to untargeted, partly due to 
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the anthropological questions being addressed are simpler and more focused on a specific 

molecule of interest, like molecules associated with tobacco or chocolate. However, as discussed 

later, these targeted approaches also have limitations and create assumptions and biases. An ideal 

future for most anthropology questions is one in which an untargeted approach could be used 

effectively. For this dissertation, untargeted metabolomics will be the primary approach due to 

its capacity to reveal metabolites with fewer researcher assumptions. 

Another major divergence among MS techniques involves sample introduction through 

different types of chromatographic separation, namely gas chromatography (GC) and liquid 

chromatography (LC)15,19. While many techniques for chromatographic separation exist, GC and 

LC are among the most common separation protocols19, especially for anthropology20–24. 

Chromatographic separation separates sample molecules according to their properties by 

attaching samples to a stationary phase (usually via a chromatography column) and use a mobile 

phase to pass samples through the stationary phase15,19. Molecules will pass through these phases 

differently, according to factors like matrix composition, molecular weight, absorption affinity, 

and more19. GC and LC primarily differ based on the state of mobile phase used, with GC using 

a gas and LC using a liquid mobile phase15,19. Another difference between GC and LC is that GC 

vaporizes sample molecules for the mobile phase to interact, whereas LC needs no 

vaporization15,19. Stationary phase selection, mobile phase used, vaporizing component (or lack 

thereof), etc., all influence the types of molecules introduced to the MS instrument. Ultimately, 

GC works best for thermally stable molecules, is biased towards nonpolar molecules, and 

generally works well with metabolites up to 600 Da in size, while LC is best-suited for thermally 

volatile, polar molecules up to 1500 Da15,19. Due to its wider detection thresholds, LC is 

preferable for untargeted metabolomics, but in anthropological literature, but GC is more 
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common despite its narrower resolution window compared to LC23,25–28. Nonetheless, researchers 

select between these approaches based on their molecules of interest and whether targeted or 

untargeted analyses are employed. 

While MS-based metabolomics is relatively new compared to the other major omics fields, it 

has emerged as a prosperous and distinct field covering a wide range of topics. Common targeted 

analysis topics include drug or natural product discovery29–31 and exploring metabolic pathways 

like those involved in drug responses1,14. Additionally, untargeted analyses commonly explore 

sample spatial components to molecules and metabolomes32–34, examine metabolomic responses 

to stimuli like disease/health responses35–38, or provide chemical inventories of sample 

materials39,40. Beyond the wealth of research topics, metabolomics scholars also developed field 

standards for generating and reporting MS-based metabolomics data, resulting in the 

metabolomics standards initiative (MSI)41. The MSI criteria and overall goals aim to maximize 

the utility of MS data by encouraging full reports about all details involving metabolite detection, 

quantification, and identification like laboratory protocols and experiments, sample collection 

and treatment, MS analysis, and data analysis. One particularly important MSI topic is the levels 

of criteria for molecular identification, also known as annotation. Briefly, the MSI authors 

discuss four levels of annotation, with level four representing lowest-confidence annotations and 

level one as highest-confidence annotations, based on how the molecule is identified41: level 

four: unknown compounds that are differentiated by spectral properties; level three: identified by 

chemical class or spectral similarity to known chemical classes; level two: annotations based on 

database library references; and level one: annotations based on matches to authentic chemical 

standards41. The MSI guidelines have become the golden standard for conducting MS-based 

metabolomics studies and defined subsequent MS-based metabolomics research38,42–44. 
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Additionally, new MS-based metabolomics technical and analytical tool advancements like the 

development of platforms like Global Natural Products Social Molecular Networking system45, 

molecular networking techniques46,47, creating new metabolomic databases44,46, etc., enabled the 

field to grow rapidly in quality and breadth of research. As more new tools and techniques come 

out, MS-based metabolomics will only improve.  

1.3 MOLECULAR ANTHROPOLOGY AND METABOLOMICS 

Broadly, anthropology has used metabolomics to investigate various aspects of human 

evolution, health, disease, and cultural behavior. In biological contexts, metabolomics studies 

reveal how aspects of our unique human lifestyles and behaviors, like diet or industrialization 

patterns, interact with our genetics and molecular biology43,48,49. Furthermore, these 

anthropology studies have also examined metabolomes of traditional foragers50, compared oral 

metabolomes of ancient and modern humans51, developed forensic methods through integrating 

metabolomic data with other multi-omic analyses52, and investigated medicinal plant 

consumption by Neanderthals53. Another approach involves the microbiome, the collection of 

microbes and their genetic material54, and the metabolic pathways associated with these 

microbes. This microbiome-metabolome connection is prevalent in many case studies, especially 

anthropological metabolomics studies, to explore the functional consequences of our residential 

microbes. Examples include identifying novel bile acids modified by gut microbiota30, 

characterizing traditional human fecal metabolomes by association to host microbiome50,55, and 

comparing ancient and modern human oral microbiome profiles with integrated metabolomics 

data56. These studies made strides towards better integrating MS-based metabolomics with 

biological and molecular anthropology, but there is still capacity for growth.  
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The bulk of anthropological MS-based metabolomics studies involve organic residue 

analysis, a common archaeological technique. Residue analysis investigates the biomolecules 

found in organic residues preserved on archaeological samples. The detection and chemical 

identity of these molecules on archaeological objects provide information about past human 

cultural behavior21,57. While a wide variety of techniques for residue analysis exist, 

metabolomics-like analyses using mass spectrometry are the most common21,23,58. Such 

metabolomics-like residue analyses reported the molecular components of preserved residues, 

such as identifying botanical origins for historic ritual drinks59, characterizing ancient wine 

residues and potential source regions22,60, describing chemical components of ancient Egyptian 

canopic jars20, and detecting nicotine in smoking pipe fragments61,62. While archaeology has used 

MS-based metabolomics approaches via residue analysis for decades, the explicit association 

with metabolomics is relatively new20,62–64.  

By investigating the small molecules intrinsic to any biochemical processes, MS-based 

metabolomics is well-poised to address anthropological questions. Characterizing human 

metabolomes through MS ultimately reveals human biology down to a functional, chemical 

level1,65. Moreover, MS-based metabolomics is uniquely suited to examine how the environment 

interacts with and subsequently informs human biology, allowing anthropologists to study the 

biological consequences of our unique lifestyles and behaviors. In health contexts, metabolomic 

investigations of diseases with multidimensional causes, like diabetes, can illustrate the suite of 

molecules acquired from different sources like genetic predisposition, diet, lifestyle, and more 

66,67. This biology-environment interplay as gleaned through MS-based metabolomics even 

extends to studying past human cultural behaviors, such as through residue analysis, and how 

these past behaviors influenced past human health. Thus, MS-based metabolomics brings much 
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to any anthropological explorations of human biology and its relationships with health, 

environments, and behavior, in both past and/or present contexts.   

1.4 DISSERTATION STRUCTURE 

This dissertation highlights how MS-based metabolomics can address anthropological 

questions by describing three studies using MS-based metabolomics in anthropological contexts. 

These case studies are represented by chapters 2-4, while chapter 5 is a conclusions section.  

Chapter two uses MS-based metabolomics to examine the fecal metabolomes of humans 

from Africa and the Americas representing ranges of human lifestyle diversity, including western 

industrial communities and traditional hunter-gatherers, with a focus on industrialization. This 

novel emphasis on lifestyle and industrialization varieties offers a unique exploration into how 

lifestyle and behavior influence human biology down to a chemical level. Chapter 2 also reveals 

the core chemistry of the human gut and potential connections between this shared gut chemistry 

and the gut microbiome. 

 Chapter 3 incorporates MS-based metabolomics approaches to investigate metabolomic 

alterations by gut microbial responses to different high fat and high fiber combination diets. This 

project focuses on mice metabolomes to represent a controlled setting for exploring microbiome-

metabolome consequences of dietary shifts. In this chapter, we reveal personalized health 

responses to these dietary shifts by examining metabolites directly influenced by gut flora. These 

results represent new approaches for examining dietary effects on health and biology. 

Chapter 4 studies plant and dietary samples relevant to archaeological communities from 

different regions in the Americas. These data represent raw dietary materials associated with 

archaeological metabolomics-like investigations of organic residues preserved on archaeological 
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samples. In this project, we describe an untargeted metabolite extraction and analysis method to 

provide broad metabolomic profiles of these samples, study abundances patterns of plant-

associated molecules, and discuss plans for making these data publicly accessible. 

Combining these chapters together, this dissertation shows the value of integrating MS-based 

metabolomics with anthropology. There is certainly room for growth in applying metabolomics 

to anthropology, but this dissertation represents steps towards that growth by focusing on key 

case studies and new methods that can help expand anthropological knowledge about molecular 

components of human health, biology, behaviors, and culture. 
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Chapter 2 – Untargeted Fecal Metabolomic Analyses across an 

Industrialization Gradient Reveal Shared Metabolites and Impact of 

Industrialization on Fecal Microbiome-Metabolome Interactions1,2 

2.1 ABSTRACT 

The metabolome is a central determinant of human phenotypes and includes the plethora 

of small molecules produced by host and microbiome or taken up from exogenous sources. 

However, studies of the metabolome have so far focused predominantly on urban, industrialized 

populations. Through an untargeted metabolomic analysis of 90 fecal samples from human 

individuals from Africa and the Americas—the birthplace and the last continental expansion of 

our species, respectively—we characterized a shared human fecal metabolome. The majority of 

detected metabolite features were ubiquitous across populations, despite any geographic, dietary, 

or behavioral differences. Such shared metabolite features included hyocholic acid and 

cholesterol. However, any characterization of the shared human fecal metabolome is insufficient 

without exploring the influence of industrialization. Here, we show chemical differences along 

an industrialization gradient, where the degree of industrialization correlates with metabolomic 

changes. We identified differential metabolite features such as amino acid-conjugated bile acids 

and urobilin as major metabolic correlates of these behavioral shifts. Additionally, coanalyses 

with over 5,000 publicly available human fecal samples and cooccurrence probability analyses 

with the gut microbiome highlight connections between the human fecal metabolome and gut 

microbiome. Our results indicate that industrialization significantly influences the human fecal 

 
1Adapted from Haffner et al. (2022). Untargeted Fecal Metabolomic Analyses across an Industrialization Gradient 

Reveal Shared Metabolites and Impact of Industrialization on Fecal Microbiome-Metabolome Interactions”. 

Msystems 7(6), 300710-22. (https://journals.asm.org/doi/10.1128/msystems.00710-22) 
2 Full author list available in Supplementary Material A. 

https://journals.asm.org/doi/10.1128/msystems.00710-22
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metabolome, but diverse human lifestyles and behavior still maintain a shared human fecal 

metabolome. This study represents the first characterization of the shared human fecal 

metabolome through untargeted analyses of populations along an industrialization gradient. 

2.2 INTRODUCTION 

Metabolites fit as the final stage of biology’s central dogma: DNA transcribed into RNA 

translated into proteins which enzymatically interact, form, and shed into small molecules as part 

of the biochemical pathways of metabolism1,11,13. For this study, we define a metabolite as any 

small molecule (<1,500 Da) involved in biochemical pathways and the metabolome as the 

collection of these small molecules within a biological system1,12,29. Using the definition from the 

Human Metabolome Database, these endogenous metabolites (synthesized by the host or their 

resident microbiota) are supplemented by exogenous small molecules acquired from external 

sources, such as cosmetics, medication, dietary sources, and pollution44. The human metabolome 

thus contains both endogenous and exogenous metabolites, representing the nexus of genetic and 

environmental influences29,68–70.  

Characterizing the fecal metabolome requires an understanding of how it is influenced by 

different factors, such as industrialization71,72. Broadly, industrialization is a series of economic 

and technological changes relating to the processing and distribution of resources that ultimately 

cause a shift from agrarian to industrial societies73,74. Such changes generally involve an increase 

in manufactured products compared to agriculture/hunting and other raw products, a greater 

percentage of workers employed in industrial workplaces over agriculture, and changes in the 

physical landscape such as increased construction of built environments75,76. Industrialization is 

often linked with urbanization, which refers to social and demographic shifts increasing 

population size and density within a settlement75. These processes lead to industrialized-urban 
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populations exhibiting denser populations75, reduced exposures to nature-derived molecules but 

increased exposure to human-derived molecules33,43,77–79, an indirect relationship with food 

sources80,81, and dietary shifts49,81 compared to non-industrial rural populations. Moreover, 

industrialization is associated with significant biological changes, such as reduced microbial 

diversity79,82–84, increased allergic diseases85,86 and asthma87, and heightened susceptibility to 

illnesses such as inflammatory bowel disease88–90, although further work is required to 

definitively show industrialization processes as the primary cause of these changes given that 

such health conditions have complex causes91,92. Investigations into industrially-caused fecal 

metabolomic shifts have identified differences based in amino acids, amines, sphingolipids, and 

hexoses, among others48,49,92. Some studies detailed human fecal metabolomes by comparing 

rural and urban populations and found differences in levels of acylcarnitines, amino acids, and 

short-chain fatty acids48,50,93. However, such studies employed targeted/semi-targeted 

metabolomic approaches and/or sampled a single human population48–50,83,93. As a result, these 

studies do not represent ranges of human diversity and behavior, highlighting the need for 

broader investigations of the human fecal metabolome in terms of geographic range and 

chemical space. 

We performed untargeted liquid chromatography mass spectrometry (LC-MS)-based 

metabolomics on 90 fecal samples obtained from six human populations from diverse geographic 

regions (Figure 2.1a; Table 2.1; Table S2.1). These populations included male and female 

children and adults. Our sampled populations were categorized corresponding with their degree 

of industrialization, based on lifestyle factors such as dietary practices, built environment, 

population, etc. (see Materials and Methods for further details on categorization). Importantly, 

we included two populations with similar degrees of industrialization but from distinct 
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continents, to control for any geographic confounders. This key aspect had not been considered 

in prior industrialization-focused metabolomics research. Our populations include: Norman 

(USA; urban industrial; 18 samples); Guayabo (Peru; rural industrial; 12 samples); Tambo de 

Mora (Peru; rural industrial; 14 samples); Boulkiemdé (Burkina Faso; rural traditional; 11 

samples); Tunapuco (Peru; rural traditional; 24 samples); and Matses (Peru; isolated traditional; 

11 samples). 

2.3 MATERIALS AND METHODS 

Project Design 

Fecal samples from six human populations were analyzed, representing ranges of 

industrialization. Populations were categorized to reflect varying degrees of lifestyle behavior 

and industrialization, based on diet, access to pharmacies and public markets/stores, housing 

structure, and population density43. Grouped categories are: urban industrialized (highly 

industrial urban population, typical Western industrialized population; n=18); rural industrialized 

(industrialized population, but primarily rural environment over urban; n=26); rural traditional 

(rural communities with some industrialization; n=35); and isolated traditional (isolated rural 

community with little to no industrialization influence; n=11). The study populations include: 

Norman (n=18), Oklahoma, USA, a standard Western industrialization population located in the 

Oklahoma City metropolitan area; Guayabo (n=12), Peru, a large rural town influenced by 

industrialization; Tambo de Mora district  (n=14), Peru, a large rural district influenced by 

industrialization; Boulkiemdé province (n=11), Burkina Faso, with some industrialization 

influence; Tunapuco (n=24), a traditional rural community located in the Andean Highlands with 

minimal industrialization influence; and the Matses (n=11), an isolated traditional hunter-

gatherer community from the Peruvian Amazon (Figure 2.1; Table 2.1; Table S2.1). All 
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populations contained both males and females of ages three to 77. Individuals under the age of 

three were excluded from analyses because gut microbiomes do not stabilize and resemble adult 

microbiomes until after age three94,95. Dietary information was collected through standardized 

questionnaires and personal interviews with the sample donors. Thus, all diet information was 

self-reported based on these questionnaires and interviews.  

Table 2.1: Sampled population metadata.  

Populations 

Fecal samples from Norman, Oklahoma, USA, were analyzed for this project (n=18), 

representing western industrial lifestyles and diets. Norman residents live in the Oklahoma City 

metropolitan area, exemplifying a highly industrialized environment. Self-reported diets 

Population Abbreviation
Geographic 

Origin

Industrialization 

Group

Sample 

size (n)

Time Kept 

on Ice 

Before 

Frozen

5-17 

years

18-44 

years

45+ 

years
Female Male

Total 90 28 47 15 47 29

Norman NO

Norman, 

Oklahoma, 

United States

Urban Industrial 18
Within 24 

hours
0 18 0 7 11

Guayabo GU

Guayabo, 

Peru, South 

America

Rural Industrial 12 Within 4 days 4 4 4 8 0

Tambo de 

Mora
TM

Tambo de 

Mora District, 

Peru, South 

America

Rural Industrial 14 Within 4 days 5 7 2 7 1

Boulkiemdé BF

Boulkiemdé 

Province, 

Burkina Faso, 

Africa

Rural Traditional 11
Within 24 

hours
0 6 5 6 5

Tunapuco HCO

Andean 

Highlands, 

Peru, South 

America

Rural Traditional 24 Within 4 days 13 9 2 13 7

Matses SM

Peruvian 

Amazon, 

South 

America

Isolated 

Traditional
11 Within 4 days 6 3 2 6 5

Age distribution Sex 
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generally consisted of regular dairy consumption plus processed and/or prepackaged foods like 

canned vegetables82. Additionally, regular meat consumption was common to Norman 

individuals compared to our other sampled populations. Due to the strongly industrialized setting 

and greater consumption of meat, dairy, and processed food products, this population was 

categorized as urban industrial. 

We also selected fecal samples from the Guayabo (n=12) and Tambo de Mora (n=14) 

populations, which practice similar lifestyles. These populations exhibit rural lifestyles and diets 

but are still strongly influenced by industrialization. Both communities have regular access to 

public markets and pharmacies and live in densely packed areas. Their diets are generally reliant 

on foods obtained from these markets, as well as local produce and livestock. While the Guayabo 

diet commonly consists of maize with some meat and dairy consumption, the Tambo de Mora 

population relies more on fish, due to their proximity with the Peruvian coastline. Consumption 

of processed foods is common for both communities, albeit less so than Norman individuals. 

Because the Guayabo and Tambo de Mora communities exhibit some characteristics of non-

industrial and industrial lifestyles and live in primarily rural settings, these populations were 

categorized as rural industrial. 

The Boulkiemdé (n=11) and Tunapuco (n=24) communities represent the next degree of 

industrialization in our sampled populations. Although these populations are from Africa and 

South America, respectively, they practice similar traditional non-industrial, rural lifestyles and 

share some features of industrialized populations such as access to public markets. The 

Boulkiemdé samples were collected from the Boulkiemdé province of Burkina Faso. This 

Burkinabé community practices an agricultural lifestyle, usually growing their own crops, raising 

livestock, and with rare dairy consumption. Boulkiemdé meat consumption often ranged from 
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once every 1-3 weeks or once every 4-6 months. Vegetable consumption was high in self-

reported diets by Boulkiemdé individuals. Common vegetables included cabbage, okra, eggplant, 

beans, carrots, potato, manioc, couscous, bread, rice, corn, etc. Processed foods like canned 

vegetables were highly rare. Meanwhile, the Tunapuco population have similar traditional 

agricultural lifestyles, relying on local produce and livestock82. Residing in the Peruvian Andes 

highlands, the Tunapuco people have diets largely consisting of root and stem tubers, bread, and 

rice82. The Tunapuco people occasionally consume animal proteins and dairy products such as 

cuy, beef, pork, or sheep. Overall, rice, mote, carrots, cabbages, bread, cuy, oca, and potatoes 

(fermented,  dehydrated, etc.) are the most common self-reported foods for the Tunapuco people. 

Additionally, Tunapuco residents have access to lowland markets, which offer other dietary 

sources like fruit (apples, bananas, pineapples, mangos, etc.), depending on seasonal 

availability82. Similar to the Boulkiemdé community, processed foods are rarely consumed by 

the Tunapuco people. Since both the Boulkiemdé and Tunapuco communities sampled for this 

project lived in largely rural yet partly industrial environments with diets focused more on raw 

food products, these populations were grouped as rural traditional. 

Our last sampled population is the Matses (n=11). The Matses people practice traditional 

hunter-gatherer lifestyles82, making them unique for this study. Their diet is based heavily on 

tubers, plantains, fish, and game meat. Specifically, varieties of manioc, plantains/bananas, and 

fish are staples of the Matses diet, while bushmeat, reptiles, birds, bread, and other crops are less 

frequent. Dairy and processed foods are very rarely consumed by the Matses community. Due to 

their location in the Amazonian regions of Peru and unique lifestyles characterized by self-reliant 

food production over processed foods, the Matses are almost completely isolated from external 
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sociocultural and economic influences like industrialization82, so they were categorized as 

isolated traditional.  

Sample Collection 

Fecal material was deposited into polypropylene containers and then put on ice. Samples 

were kept in ice while in the field until arriving at research facilities equipped with freezers. The 

Norman samples were kept in ice after collection and frozen at the laboratory within 24 hours. 

The Peruvian samples were secured similarly to the Norman samples. After collection, samples 

were stored on ice for four days until arriving at Lima, Peru. Samples were frozen and sent to the 

laboratory in Norman, Oklahoma.  

The Norman, Tunapuco, and Matses samples had previously been aliquoted and 

underwent 16S rRNA gene sequencing for an earlier study96, using the MoBio PowerSoil DNA 

Isolation Kit protocol (full details can be found in the original article96). The raw fecal samples 

were otherwise kept frozen at -80 °C until use for this project.  

Boulkiemdé samples were collected similarly to Norman and Peruvian samples. After 

collection, Boulkiemdé samples were frozen at -20 °C within 24 hours and kept frozen 

overnight. Samples were thawed the following evening to extract DNA, refrozen at -20 °C, and 

kept frozen until shipped to the laboratory in Norman, Oklahoma. Upon arrival, 2 g of fecal 

material was extracted from each sample for anaerobic culturing. Following this 2 g aliquoting, 

samples were frozen at -80 °C until use for this project. 

While field conditions mandated different storage protocols, we confirmed that these 

effects are overshadowed by the industrialization gradient (see 2.4 Results and Discussion). 
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Full metadata with health conditions, such as primary water sources, pharmaceutical 

consumption, date of latest hospital visit, etc., were collected for the Boulkiemdé samples. 

However, Norman and Peru samples had been collected several years before the Boulkiemdé 

samples, and unfortunately lack similar detailed metadata about health conditions. While this 

metadata cannot be provided for Norman and Peru samples, the full de-identified metadata for 

the Boulkiemdé samples are available upon request.  

Ethics Approval and Informed Consent 

Norman and Peruvian sample collection was conducted under the supervision of the 

University of Oklahoma and the Ethics Committee of the Peruvian National Institute of Health 

Ethical protocols for community engagement and sample collection were developed through 

collaboration with representatives and authorities from each sampled region and in accordance 

with institutional regulations. Norman samples were collected through informed consent from 

local volunteers recruited from posted flyers or word-of-mouth. All Peruvian samples were 

obtained through community engagement with local and national authorities and informed 

consent with consultation from the Center for Intercultural Health of the Peruvian Institute of 

Health and Peruvian National Institute of Health ethics committee. This project was reviewed 

and approved by the research ethics committee of the Instituto Nacional de Salud del Peru 

(Projects PP-059-11, OEE-036-16). These approvals extended to any future molecular analyses 

(i.e., MS-based metabolomics) and were done with approval of the stakeholders and 

communities. 

Human fecal samples were collected with informed consent from resident volunteers in 

central Burkina Faso under the ethics review committee of Centre MURAZ, a national health 
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research institute in Burkina Faso (IRB ID No. 31/2016/CE-CM). OU IRB deemed this project 

consistent with US policy 45 CRF 46.101(b) exempt category 4 (OU IRB 6976). 

LC-MS/MS Fecal Sample Preparation 

 The sample preparation protocol used for this project was adapted from a global 

metabolite extraction protocol with proven success35,97. Samples were thawed and 500 μl of 

chilled LC-MS grade water (Fisher Scientific) was added to 50 mg of fecal material. Next, a 

TissueLyzer homogenized samples at 25 Hz for three minutes. Following homogenization, 

chilled LC-grade methanol (Fisher Scientific) spiked with 4 μM sulfachloropyridazine as the 

internal standard (IS) was added, bringing the total concentration to 50% methanol. The 

TissueLyzer homogenized samples again at 25 Hz for three minutes, followed by overnight 

incubation at 4 °C. The next day, samples were centrifuged at 16,000 x g at 4 °C for ten minutes. 

Aqueous supernatant was then removed and dried using a SpeedVac vacuum concentrator. Dried 

extracts were frozen at -80 °C until the day of MS analysis. Immediately prior to MS analysis, 

extracts were resuspended in 150 μl chilled LC-MS methanol:water (1:1) spiked with 1 μg/ml 

sulfadimethoxine as a second IS. After resuspension, samples were diluted to a 1:10 ratio. 

Diluted samples were sonicated using a Fisher Scientific Ultrasonic Cleaning Bath at maximum 

power for ten minutes. Supernatants were spun briefly to remove any particulates, then loaded 

into a 96-well plate for MS analysis. One well contained only 150 μl of the resuspension solution 

to serve as blank control.  

LC-MS/MS Analysis 

LC was performed on a ThermoFisher Scientific Vanquish Flex Binary LC System with a 

Kinetex C18 core-shell column (50 x 2.1 mm, 1.7 μM particle size, 100 Å pore size). LC column 

was kept at 40 °C and the sample compartment was held at 10 °C. The LC System was coupled 
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to a ThermoFisher Scientific Q Exactive Plus Hybrid Quadrupole-Orbitrap Mass Spectrometer 

for MS/MS analysis. For the LC mobile phase, Solvent A was LC-MS grade water (Fisher 

Scientific) with 0.1% formic acid and Solvent B was LC-MS grade acetonitrile (Fisher 

Scientific) with 0.1% formic acid. Elution gradient started at 5% Solvent B for one minute, 

increased to 100% Solvent B until minute nine, held at 100% Solvent B for two minutes, 

dropped to 5% Solvent B over 30 seconds, and 5% Solvent B for one minute as re-equilibration. 

Samples were injected in random order with an injection volume of 5 μl. After elution, 

electrospray ionization was conducted with spray voltage of 3.8 kV, auxiliary gas flow rate of 

10, auxiliary gas temperature at 350 °C, sheath gas flow rate at 35, and sweep gas flow at 0. 

Capillary temperature was 320 °C and S-lens RF was 50 V. 

MS1 scan range was 100-1,500 m/z, MS1 resolution was set to 35,000 and MS1 AGC 

target to 1e6. MS1 data were obtained in positive mode and MS2 data were obtained using data-

dependent acquisition. In each cycle, 5 MS/MS scans of the most abundant ion were recorded. 

Both MS1 and MS2 injection times were set at 100 ms. MS2 resolutions were set to 17,500, MS2 

AGC target was set to 5e5, and the inclusion window to 2 m/z. MS/MS was conducted at an apex 

trigger of 2-8 seconds and an exclusion window of 10 seconds. MS/MS collision energy 

gradually increased from 20-40%. 

Authentic standards also underwent LC-MS/MS analysis to validate metabolite 

annotations. A total of 15 standards were purchased from AA Blocks (hyocholic acid, 13-

docosenamide), AvaChem (lenticin), Biosynth (bilirubin, N-acetylmuramic acid, fructosyl-L-

lysine), BLD Pharm (N-palmitoylglycine, trans-ferulic acid), ChemScene (leucine enkephalin), 

LGC Standards (L-saccharopine), Sigma-Aldrich (L-abrine, N-acetyl L-phenylalanine, 

enoxolone, octadecanamide, lithocholic acid, paraxanthine), and VWR (nicotinamide N-oxide). 
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Each pure standard was diluted to 100 μM, 50 μM, 10 μM, 5 μM, and 1 μM concentrations. All 

standards (and their five dilutions) were analyzed according to the same LC-MS/MS parameters 

as the original samples. Additionally, fecal extracts with the highest abundance for each standard 

were re-analyzed as part of the same LC-MS/MS batch to ensure standard peaks were present in 

samples and to prevent confounding from retention time shifts caused by the gap between initial 

data acquisition and annotation validation. 

Data Analysis and Processing 

MSConvert v3.0.1901498 converted raw data files to mzXML format in preparation for 

data processing via feature-based molecular networking (FBMN)99. MZmine v2.33100 was used 

to identify MS features for all samples (Table S2.4). All non-gap filled analyses were performed 

using identical parameters to the gap filling steps in MZmine, with the exception of the gap 

filling step. After feature filtering, only features with abundance three times greater than the 

abundance of blanks were retained in these analyses. Total ion current (TIC) normalization was 

conducted through R programming language v3.5.3101 in Jupyter Notebook102. FBMN and 

library spectral database searches were completed using the FBMN workflow on Global Natural 

Products Social Molecular Networking (GNPS)45. FBMN GNPS parameters for MS/MS analysis 

were as follows: precursor and fragment ion mass tolerance: 0.02 Da, minimum cosine score for 

networking and library matches: 0.7, minimum number of matched MS2 fragment ions for 

networking and library matches: 4, network topK: 50, maximum connected component size: 100, 

maximum shift between precursors: 500 Da, analog search: enabled, maximum analog mass 

difference: 100 Da, precursor window filtering: enabled, 50 Da peak window filtering: enabled, 

normalization per file: row sum normalization. Results were analyzed by visually evaluating 

mirror plot similarity, cosine score, and match likelihood. Molecular networking results were 
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exported to Cytoscape v3.7.1103 to visualize and analyze networks. Predicted ClassyFire104 

classifications for shared metabolites were derived using the MolNetEnhancer105 workflow in 

GNPS. In addition, select annotations were confirmed using authentic standards (Figure S2.4). 

MS filtering was performed in MZmine100. Three separate filtering workflows were done: 

6 minimum peaks in a row (half the number of samples in a single population), 45 minimum 

peaks in a row (half our total samples), and 90 minimum peaks in a row (all samples). After each 

filtering step, gap-filling was performed using the previous parameters. For the six-sample 

filtering, additional processing was done in R101 to remove any features that were not found in at 

least six samples from each population. The resulting files were also analyzed in GNPS as 

described above. 

Mass Spectrometry Search Tool (MASST106) was used to search for dataset matches to 

the MS2 spectra of our shared metabolites. MASST parameters were as follows: parent mass 

tolerance: 0.02 Da; minimum matched peaks: 4; ion tolerance: 0.5 Da; score threshold: 0.7; top 

hits per spectrum: 1; selected databases to search: all (GNPS45, Metabolomics Workbench107, 

Metabolights108, Foodomics109, and Skin Trace Evidence); no analog searches; and no 

unclustered data search. 

For 16S rRNA gene sequencing data, we used AdapterRemoval v2110 to filter out 

sequences < 90 bp in length. QIIME1111 was used generate ASVs/zero-operational taxonomic 

unis (zOTUs) using the EzTaxon database112 for assigning taxonomic identifiers. EzTaxon was 

selected over other databases like GreenGenes113 because EzTaxon is regularly updated and 

taxonomic identification was not the purpose for utilizing our 16S data. All samples with fewer 

than 10,000 reads were removed from analyses. Any ASVs with detected in fewer than ten 

samples with a maximum abundance <0.01% were also removed.  Generated taxa summaries 
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were limited to genus-level identifications. Only ASVs with >0.5% relative frequency were 

included in mmvec analyses. 

Mmvec and Statistical Analyses 

Metabolite and microbe feature tables were input to the Quantitative Insights Into 

Microbial Ecology 2 (QIIME2)114 microbe-metabolite vectors (mmvec) plugin115. Conditional 

probabilities were exported to R101. Conditionals were subset to our 67 annotated shared 

metabolites while major taxa were filtered by exploring high conditional probability values. 

Filtered results were exported to a new table as .csv. Principal component analyses were run and 

visualized using the R101 package “pca3d” 116. Further figure modifications were done using 

Inkscape (https://inkscape.org/) v1.2.  

Principal coordinate analysis (PCoA) plots were created using Canberra distance metrics 

from QIIME2114 and visualized using Emperor117. PERMANOVA118 via QIIME2 assessed 

statistical significance for beta diversity measures. Kruskal-Wallis p-values were calculated in 

R101 through Jupyter Notebook102. Boxplots (Figure 2.1c-h, Figures S2.2-2.3) and principal 

component analyses (Figure 2.3) were also generated using R101 in JupyterNotebook102. For these 

boxplots, the center line represents the median, the upper and lower box lines reflect upper and 

lower quartiles, whiskers reflect the interquartile range multiplied by one-and-a-half, and outliers 

are dots. R packages “ggplot2”119 and “rworldmap”120 were used to create Figures 2.1a and 2.1c-

h. R package “effectsize”121 provided p-values for ANOVA effect size. UpSet plots122 (Figure 

2.2b-c; Figure S2.1b) were created using Python 3123 packages “pandas”124, “upsetplot”125, and 

“matplotlib”126. 

To identify metabolite features unique to specific populations or lifestyles, a random 

forest machine learning algorithm from the R package “randomForest” was used in Jupyter 

https://inkscape.org/
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Notebook127. The number of trees increased gradually from five until reaching a plateau from 

out-of-bag error at 200 trees. SIRIUS v4.4.26128 with ClassyFire104 classification and 

CANOPUS129 compound prediction were used to provide class-level annotations for features 

identified by random forest.  

Data Availability 

LC-MS/MS data was uploaded to MassIVE46 (accession number: MSV000084794). 

GNPS FBMN  jobs are available at 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=505b8b39810c48eb9f9b65fee7c6bc7b (v23, 

original analysis with gap-filling), 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b76893f1a07e4cb0be3b603c14cea1b2 (v23, 

gap-filling, primarily used throughout data analysis) and 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=af7ec76b02ac482bbd2b7ee3a3ccbdc5 (v23, 

no gap-filling). FBMN jobs for filtered data are available at: 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=db26beb51aff418585e6ad0b92f522b7 (six-

sample per population filter, gap-filling), 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4693e01a2af740ceb39bfb19720e798d (six-

sample per population filter, no gap-filling),  https://gnps.ucsd.edu/ProteoSAFe/status.jsp?

task=220d1afd0a564ec1818601d3d928d27a (half-sample filter, gap-filling), https://gnps.

ucsd.edu/ProteoSAFe/status.jsp?task=d9686d483e5b496299a02750d6a3ec23 (half-sample filter, 

no gap-filling), https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=45150c751a8e42eea

51f3ea4936aee95 (all-sample filter, gap-filling), and https://gnps.ucsd.edu/ProteoSAFe/status

.jsp?task=45150c751a8e42eea51f3ea4936aee95 (all-sample filter, no gap-filling). ReDU co-

analysis is available at: 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=505b8b39810c48eb9f9b65fee7c6bc7b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b76893f1a07e4cb0be3b603c14cea1b2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=af7ec76b02ac482bbd2b7ee3a3ccbdc5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=db26beb51aff418585e6ad0b92f522b7
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4693e01a2af740ceb39bfb19720e798d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=220d1afd0a564ec1818601d3d928d27a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=220d1afd0a564ec1818601d3d928d27a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d9686d483e5b496299a02750d6a3ec23
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d9686d483e5b496299a02750d6a3ec23
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=45150c751a8e42eea51f3ea4936aee95
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=45150c751a8e42eea51f3ea4936aee95
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=45150c751a8e42eea51f3ea4936aee95
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=45150c751a8e42eea51f3ea4936aee95
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https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=cc2c2d20b20d4bd28c22beb777d2782a (co-

analysis with all human fecal samples available in ReDU as of August 27th, 2021). This study 

and associated raw data are available at the NIH Common Fund’s National Metabolomics Data 

Repository (NMDR) website, Metabolomics Workbench107 

(https://www.metabolomicsworkbench.org; Study ID: ST002320; DataTrack ID 3495; doi: 

http://dx.doi.org/10.21228/M8N999). MASST search links are provided in Table S2.3. 

Instructions for recreating data analyses in R and Python are available as JupyterNotebook102 

links at: https://github.com/jhaffner09/core_metabolome_2021. 16S data was uploaded to the 

Qiita database (study ID: 13802; also see study ID 1442 for Norman, Tunapuco, and Matses 

data). 

2.4 RESULTS AND DISCUSSION 

Fecal metabolomes of these populations followed an industrialization gradient, where 

populations exhibited similar metabolomes based on the degree of industrialization by Principal 

Coordinate Analysis (PCoA, Figure 2.1b-c, Figure S2.1; Permutational Multivariate Analysis of 

Variance (PERMANOVA)118 p=0.001, R2=0.140; Canberra distance). Moreover, 

industrialization had a stronger influence on metabolic similarity between populations than 

geographic origin, age, or sex (Figure 2.1c; ANOVA industrialization group p=0.046, effect size 

(eta2)=0.06; ANOVA geographic origin p=0.245, eta2=0.01; ANOVA age p=0.4663, effect size 

(eta2)=7.29e-3; ANOVA sex p=0.5471, effect size (eta2)=4.99e-3). Delay to initial freezing did 

impact the overall fecal metabolome (PERMANOVA p=0.001, R2=0.04, ANOVA p=0.4563, 

effect size (eta2)=6.32e-3), but these effects were overshadowed by the influence of 

industrialization (Figure 2.1b). For example, the Boulkiemdé rural traditional and Norman urban 

industrial samples were frozen within one day of collection, but the Boulkiemdé samples 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=cc2c2d20b20d4bd28c22beb777d2782a
https://github.com/jhaffner09/core_metabolome_2021
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clustered strongly with Peruvian rural traditional samples frozen within four days of collection 

(Figure 2.1b). Our findings concur with prior studies demonstrating industrialization’s role in 

shaping the human microbiome95,130–132, the built environment microbiome43,79, the built 

environment metabolome43, and the plasma metabolome83,133. This industrialization influence 

reflects the broad series of behaviors and practices differentiating industrialized, semi-

industrialized, and non-industrialized communities such as diet composition and sources, 

pharmaceutical consumption, hospital access, public markets access, varying exposure to built 

environments, etc. Further work is needed to determine which components of these industrialized 

behaviors most contribute to influencing these metabolomes. Nonetheless, the influence of 

industrialization in differentiating these fecal metabolomes highlights how our molecular biology 

is strongly affected by our unique lifestyles and behaviors. Additionally, the observation of 

industrialization outweighing the effects of geographic origin is novel for human fecal 

metabolomics analyses, but concurs with findings from human fecal microbiome studies95,130–132. 

To the best of our knowledge, this is the first study to illustrate the industrialization gradient in 

the human fecal metabolome—the intuitive path for revealing the key chemistry of the distal gut. 
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Figure 2.1: Fecal metabolomic profiles follow an industrialization gradient. 

Derived from analyses where sample size (n)=90. a, Sampling sites. Star on tan background: 

Norman (n=18); Circle on green background: Guayabo (n=12); Square on green background: 

Tambo de Mora (n=14); Triangle on green background: Tunapuco (n=24); Oval on green 

background: approximate Matses location (n=11); Star on a blue background: Boulkiemdé 

(n=11). Specific Matses location left unmarked due to privacy concerns. b, Principal coordinate 

analysis (Canberra distance metric) depicts industrialization gradient. Colored by 

industrialization category and shape-coded by population. Population samples stored in freezer 

within one day of collection (Norman and Boulkiemdé) are increased in size compared to 

samples stored within four days of collection (all Peruvian samples—Guayabo, Tambo de Mora, 

Tunapuco, and Matses). c-h, boxplot axis numbers represent different industrialization groups: 

1=urban industrial, 2=rural industrial, 3=rural traditional, 4=isolated traditional. c, 

Calculated Canberra distances follow an industrialization gradient. Colored by industrialization 

category. Color key from b applies to c-h. d-e, Normalized abundances of representative features 

identified by random forest differing by industrialization category: d,  Leucyl-leucine (leu-leu), 

associated with non-industrialized populations. m/z 245.186; RT 3.27 min. e,  Urobilin, 

associated with industrialized populations. m/z 591.318; RT 4.16 min. f-h, Normalized 

abundances of amino acid-conjugated bile acids depict an industrialization gradient: f, 

Tryptophan-conjugated chenodeoxycholic acid (CHDCA). m/z 591.381; RT 6.07 min.  g, 

Phenylalanocholic acid. m/z 556.36; RT 5.57 min. h, Leucocholic acid. m/z 522.353; RT 5.38 

min. 

 

To determine the factors driving this clustering of metabolite profiles by industrialization 

degree, we employed a random forest machine learning algorithm applied to the top 1,000 most 

abundant metabolite features in our data set127 (Table 2.2; Figure S2.2a-ad). After applying a 

variable importance cutoff >1.3 to subset the most differential metabolite features, 377 features 

remained for annotation. A total of 163 (43.1%) metabolite features had compound-level 

annotations according to the metabolomics standards initiative41. Random forest annotations 

included glycyl-phenylalanine (mass-to-charge ratio (m/z): 223.108; retention time (RT): 0.38 

min; amino acid dipeptide composed of glycine and phenylalanine), piperine (m/z: 286.144; RT: 

5.45 min; plant metabolite common to pepper plants134), and isoleucylproline (m/z: 228.155; RT: 

0.77 min; amino acid dipeptide detected in human urine135,136). When examining the most 

differential features, two noteworthy annotations were leucyl-leucine (m/z: 245.186; RT: 3.27 
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min; Kruskal-Wallis p=8.73e-09) and urobilin (m/z: 591.318; RT: 4.52 min; Kruskal-Wallis 

p=4.45e-07). Leucyl-leucine (leu-leu) abundance was most associated with non-industrial 

populations, while urobilin abundance was strongly associated with industrialized populations 

(Figure 2.1d-e). Leu-leu is a common leucine dipeptide that has not been mentioned in previous 

industrialization-focused studies of human fecal metabolomes. However, increased abundance of 

leucine was noted in fecal metabolomes of urban Nigerian adults as compared to rural adults48, 

contrasting with the non-industrial association of leu-leu in our data. The second annotated 

differential metabolite feature, urobilin, is formed from the metabolic breakdown of 

hemoglobin137. While previous industrialization-focused fecal metabolomics studies did not 

report this metabolite, urobilin has been identified as a common metabolite in human urine and 

fecal metabolomes138,139. Importantly, urobilin abundance is affected by host diet and 

behavior140, with increased abundance seen in populations consuming diets rich in animal fat, 

proteins, and carbohydrates141, such as those seen in industrialized populations. Given the strong 

association between industrialization, diet, and the metabolome80,81,142, it is likely that some 

unannotated differential metabolite features represent dietary differences between our sampled 

populations. Meat and processed food consumption was most frequent in industrialized 

populations, suggesting that any potential dietary metabolites, such as urobilin, likely originate 

from these industrialized food sources. One such potential dietary source could be artificial 

sweeteners, which can strongly influence fecal metabolomes143. Additionally, the higher 

consumption of raw vegetable and fruit products in less industrialized communities such as the 

Matses would also likely drive metabolomic differences. Other potential industrialization-related 

sources for differential metabolites could include pharmaceuticals and built environment 

exposure43,77,79, and gut microbiota modulation of dietary metabolite presence/absence50,143. 
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Together, leu-leu and urobilin represent potential biomarkers of an industrialized phenotype. 

However, the nature of these molecules’ association with industrialization remains unclear, 

especially with regards to health contexts. This association is possibly informed by different 

dietary behaviors between these industrialization groups, such as urobilin being previously 

associated with diet141, but further work is needed to explore the functional role of these 

molecules in industrialized/non-industrialized contexts. Nonetheless, the altered levels of leu-leu 

and urobilin based on industrialization highlight metabolomic components of an industrialized 

phenotype and illustrate potential mechanisms for exploring behavioral effects on human 

biology.   

Recent research has revealed novel amino acid-conjugated bile acids that are produced by 

gut microbiota30,106,144 and enriched in patients with inflammatory bowel disease30. Given the 

possible association between inflammatory bowel disease and industrialization processes88–90, we 

investigated the distribution of these amino acid-conjugated bile acids across our 

industrialization gradient. Overall, ten of the 12 total amino acid-conjugated bile acids annotated 

in this study demonstrated a striking increase with industrialization, despite not appearing in the 

list of the top 1,000 most abundant features in our data. Such differential amino acid-conjugated 

bile acids include phenylalanocholic acid (Kruskal-Wallis p=1.9e-6), leucocholic acid (Kruskal-

Wallis p=1.69e-7), leucine-conjugated chenodeoxycholic acid (CHDCA) (Kruskal-Wallis 

p=0.04), tyrosocholic acid (Kruskal-Wallis p=7.71e-3), tyrosine-conjugated deoxycholic acid 

(Kruskal-Wallis p=1.61e-5), glutamate-conjugated CHDCA (Kruskal-Wallis p=1.69e-7), 

tryptophan-conjugated CHDCA (Kruskal-Wallis p=4.9e-7), aspartate-conjugated CHDCA 

(Kruskal-Wallis p=1.13e-5), histidine-conjugated CHDCA (Kruskal-Wallis p=6.41e-3), and 

histidine-conjugated cholic acid (Kruskal-Wallis p=0.04) (Figure 2.1g-h, Figure S2.2ae-ap). 
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Interestingly, high abundance of bile acids like phenylalanocholic acid and leucocholic acid were 

noted in mice fed high-fat diets30, which is characteristic of Western industrialization societies145. 

The enrichment of these bile acids in our industrialized populations parallels with these diet 

studies, further suggesting a link between diet and the metabolome across industrialization. 

Similar to leu-leu and urobilin, these amino acid-conjugated bile acids represent potential 

biomarkers of an industrialized phenotype, revealing molecular components connected to 

industrialization. However, two amino acid-conjugated bile acids, aspartate-conjugated cholic 

acid (Kruskal-Wallis p=0.05) and threonine-conjugated CHDCA (Kruskal-Wallis p=0.4), were 

not enriched in industrialized populations and did not display any statistically significant 

differences based on industrialization category. The functional role of these amino acid-

conjugated bile acids in health is currently unknown, though our results further support a link 

between amino acid-conjugated bile acids and industrialization, and possibly to associated 

diseases. 
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Feature m/z 
RT 

(min) 

p-value 

(Kruskal-

Wallis) 

Annotation Details 

Predicted 

Classyfire/CANOPUS 

Chemical Class with 

posterior probability 

Mass 

difference 

to 

reference 

Adduct Analog? 
Cosine 

Score 

1 145.13 0.321 1.05E-09 - - - - - No - 

2 145.13 0.322 1.62E-09 - 

Part of same 

sub-network as 

Feature 1 

- - - No - 

3 159.15 0.359 3.65E-09 - - - - - No - 

4 235.17 0.251 2.28E-07 - - 
Primary alcohol 

(71.332%) 
- - No - 

5 245.19 3.274 8.73E-09 

Spectral 

Match to 

Leu-Leu 

In sub-network 

with other Leu-

Leu spectral 

matches 

Amino acid derivative 

(87.591%) 
0 M+H No 0.89 

6 276.11 0.411 8.68E-09 - 

Part of sub-

network with 

matches to N-

Acetylmuramic 

acid 

Organic phosphoric 

acid and derivatives 

(59.786%) 

- - 

No 

 

 

 

- 
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7 276.11 0.423 1.43E-06 - 

Connected to 2 

sub-networks, 

including the 

sub-network 

with Feature 6. 

Also part of 

network with 

matches to 

Glycan Lacto-

N-biose and N-

Acetylmuramic 

acid 

Organic phosphoric 

acid and derivatives 

(59.786%) 

- - No - 

8 286.18 1.41 4.75E-05 - - 
Secondary carboxylic 

acid amide (54.113%) 
- - No - 

9 286.18 1.677 7.10E-06 - 

Part of same 

sub-network as 

Feature 8 

Secondary carboxylic 

acid amide (54.113%) 
- - No - 

10 305.19 3.744 2.66E-06 - - 
Carbamate esters 

(70.111%) 
- - No - 

11 332.07 0.36 6.36E-08 - - 
Aryl chloride 

(83.961%) 
- - No - 
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12 363.21 1.018 1.76E-08 - - 
Monosaccharide 

(59.675%) 
- - No - 

13 363.21 0.874 1.78E-06 - 

Part of same 

sub-network as 

Feature 12 

Monosaccharide 

(59.675%) 
- - No - 

14 365.19 0.514 7.39E-09 - - 
Monosaccharide 

(56.026%) 
- - No - 

15 379.3 4.804 4.91E-12 - - 
Lipid and lipid-like 

molecule (53.344%) 
- - No - 

16 379.3 4.823 1.17E-10 - 

Part of same 

sub-network as 

Feature 15 

Lipid and lipid-like 

molecule (53.344%) 
- - No - 

17 379.3 4.804 4.25E-12 - 

Part of same 

sub-network as 

Features 15 & 

16 

Lipid and lipid-like 

molecule (53.344%) 
- - No - 

18 379.3 4.811 1.56E-10 - 

Part of same 

sub-network as 

Features 15, 16, 

17 

Lipid and lipid-like 

molecule (53.344%) 
- - No - 
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19 398.34 4.761 1.28E-07 - - 
Fatty acid ester 

(60.662%) 
- - No - 

20 398.34 4.829 9.19E-08 - - 
Fatty acid ester 

(60.662%) 
- - No - 

21 398.34 4.842 1.15E-07 - - 
Fatty acid ester 

(60.662%) 
- - No - 

22 398.34 4.807 1.65E-07 - - 
Fatty acid ester 

(60.662%) 
- - No - 

23 400.36 4.832 8.29E-07 - - - - - No - 

24 414.34 4.493 3.73E-09 - - - - - No - 

25 414.34 4.428 1.18E-09 - - 
Fatty acid ester 

(63.169%) 
- - No - 
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26 414.34 4.379 1.07E-10 - - 
Fatty acid ester 

(63.169%) 
- - No - 

27 414.34 4.428 9.24E-11 - - 
Fatty acid ester 

(63.169%) 
- - No - 

28 591.32 4.516 4.45E-07 

Spectral 

match to 

Urobilin 

Part of sub-

network with 

matches to 

Bilirubin 

Fatty acid ester 

(77.006%) 
0 M+H No 0.79 

29 593.33 4.979 3.03E-09 - - 
6-alkylaminopurine 

(51.054%) 
- - No - 

30 597.37 5.313 3.27E-06 - - 
Depsipeptide 

(68.585%) 
- - No - 

Table 2.2: Top 30 most differential metabolite features as determined by random forest classifier. 

These features represent the 30 most differential metabolite features based on mean variable importance scores.  
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 Our sampled populations are considerably different from each other with strong dietary, 

behavioral, and geographic differences and, together, represent distinct realms of human 

experience and diversity. Thus, metabolite features common to these markedly separate 

populations likely constitute shared components of a human fecal metabolome found in major 

human groups, even if metabolite abundances vary. Frequency assessment of metabolite features 

can, however, be strongly influenced by data processing parameters, particularly gap-filing and 

data filtration. Gap-filling identifies peaks that are present in only some samples, and searches 

for these same peaks at lower intensities in the remaining samples146. Analyzing non-gap-filled 

data can artificially increase divergence between groups, while gap-filling may increase 

similarities between groups47,147. Gap-filling is a recommended approach for feature-based 

molecular networking47. However, to ensure the greatest transparency, we present the analysis of 

both gap-filled and non-gap-filled data here.  

Analysis of non-gap-filled data identified 8,017 metabolite features with at least one 

occurrence in each population (27,707 common metabolite features in gap-filled data). Further 

filtering by occurrences in each population highlighted 7,483 metabolite features in non-gap-

filled data found in at least six samples in all populations (23,477 metabolite features in gap-

filled data), 2,240 metabolite features in non-gap-filled data found in half of all samples in each 

population (5,924 metabolite features in gap-filled data), and 1,080 metabolite features in both 

non-gap-filled and gap-filled data found in every sample across all populations (Figure 2.2 for  

gap-filled data; Figure S2.1 for non-gap-filled data). Impact of industrialization on overall fecal 

metabolome profiles was comparable between gap-filled and non-gap-filled data (compare 

Figure 2.1b to Figure S2.1c).  



38 

 

  



39 

 

Figure 2.2: The shared human metabolome. 

Derived from where n=90 (Norman n=18, Guayabo n=12, Tambo de Mora n=14, Boulkiemdé 

n=11, Tunapuco n=24, and Matses n=11). a, Metabolic feature overlap across study 

populations in gap-filled data. b, UpSet plot of gap-filled data indicate strong similarity of 

metabolomic profiles. Total number of metabolite features for each sampled population is 

depicted in rows with number of overlapping features reported as bar graphs. More features 

were shared by all populations groups than were seen across different group comparisons. 

Colored box highlights intersection of all populations (27707 total metabolite features). c, ReDU 

co-analysis datasets sorted by MS instrument. ThermoFisher Scientific Q Exactive (n=696); 

Bruker Impact (n=447); Bruker maXis (n=143). The co-analysis illustrates overlap across the 

datasets, despite instrumental differences. Colored box highlights intersection of all datasets 

(846 total metabolite features). 

 

We discuss here the most stringent results based on the non-gap-filled data, while 

acknowledging that this approach likely misses many features that are actually common across 

populations, due to analytical considerations. We further filtered out researcher-derived 

molecules such as N,N-diethyl-meta-toluamide (DEET) from our list of the shared fecal 

metabolome. These retained common metabolite features included chemical groups like indoles, 

steroids, lactones, and fatty acyls (Table S2.2; Figure S2.3). Dipeptides included 

threonylphenylalanine (m/z 267.134; RT 0.48 min), valylvaline (m/z 217.155; RT 0.45 min), and 

isoleucylproline (m/z 229.155; RT 0.55 min). Shared bile acids include hyocholic acid (m/z 

158.154; RT 4.78 min; primary bile acid involved with absorbing and transporting diet fats and 

drugs to the liver148) and lithocholic acid (m/z 323.273; RT 6.84 min; secondary bile acid 

commonly found in feces149). Fatty acid examples include 3-hydroxydodecanoic acid (m/z 

199.169; RT 7.10 min; medium chain fatty acid associated with fatty acid metabolic disorders, 

potentially acquired from the microbial genera Pseudomonas, Moraxella, and 

Acinetobacter150,151) and palmitoleic acid (m/z 237.001; RT 6.42 min; fatty acid commonly found 

in human adipose tissue; also acquired in diet from human breast milk152). Additional 

metabolites include cholesterol (m/z 369.352; RT 10.5 min; essential sterol found in animals44), 
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methionine (m/z 105.058; RT 0.33 min; amino acid), and leucine enkephalin (m/z 336.192; RT 

3.21 min; peptide naturally produced in animal brains, including humans44,153). While a number 

of these shared metabolite features listed above provide key biological functions, some 

metabolites appear to be derived from dietary sources. An example of a metabolite possibly 

acquired from food products includes conjugated linoleic acid (m/z 263.24; RT 6.68 min; 

commonly found in meat and dairy products44).  

To explore possible interactions between this shared human fecal metabolome and gut 

microbiome, we used the neural network platform microbe-metabolite vectors (mmvec)115. 

Briefly, mmvec predicts the abundance of metabolites given specific microbial sequences, which 

then estimates conditional probabilities of co-occurrences between the metabolite and microbe 

being compared. Given the compositional nature of microbiome and metabolomics data154,155, 

mmvec is a robust approach for inferring interactions between gut metabolites and microbes 

compared to standard correlation analyses115. Our mmvec analysis used microbial amplicon 

sequencing variants (ASVs) derived from earlier sample analyses96 (see 2.3 Materials and 

Methods) that were assigned to taxonomic identifications and input to mmvec with our full 

metabolite feature dataset. After subsetting results to our 67 shared annotated metabolites and 

their major predictive taxa (27 total), several probable interactions between key gut metabolite 

features and microbes were observed  (Figure 2.3). For example, five microbial species within 

the Sporobacter genus and one unknown member of the Anaeroplasmataceae family were 

identified as the most influential taxa. Given that five of the six most influential taxa in our 

dataset were Sporobacter species, these results suggest a possible connection between these 

species and the shared human fecal metabolome. Metabolite features like N-acetyl-L-

phenylalanine exhibited strong predictive interactions with an unknown Sporobacter species 
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(Figure 3), as shown by high conditional probabilities. Other strong relationships were observed 

between abrine and another Sporobacter species, as well as glycyltyrosine and N-acetyl-D-

mannosamine being strongly driven by the Anaeroplasmataceae member. These potential 

associations had not been noted in previous literature. All in all, these mmvec results suggest 

clear patterns of predicted interactions between our shared metabolites and gut microbial taxa, 

but further work is needed to investigate the connections between the shared human fecal 

metabolome and gut microbiome, especially with regards to industrialization influence. 
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Figure 2.3: Principal component analyses (PCA) illustrate probable metabolite-microbe co-

occurrences. 

Derived from analyses where n=90 (Norman n=18, Guayabo n=12, Tambo de Mora n=14, 

Boulkiemdé n=11, Tunapuco n=24, and Matses n=11). Metabolite feature placements are based 

on conditional probabilities produced by mmvec115. Annotated shared metabolite features from 

gap-filled data are represented as dots and are shape- and color-coded based on ClassyFire104 

assignments from MolNetEnhancer analyses105. PCAs include biplots highlighting the most 

influential taxa across each principal component (PC) represented with red arrows showing 

their influence along the PCs. Taxonomic assignments were simplified to include unique 

identifiers for each label, such as “Anaeroplasmataceae_f” representing a read assigned to the 

family Anaeroplasmataceae. Multiple Sporobacter genera were identified and were given a “_g” 

label followed by a number for each instance of Sporobacter genera. a, Two-dimensional 

representation of shared metabolite-microbe predicted interactions along PCs 1-2. Three taxa 

are represented for each component. Legend from a applies to b. b, Three-dimensional figure of 

shared metabolite-microbe predicted interactions across PCs 1-3. Two taxa are represented for 

each component.   

 

Our novel data estimate a shared human fecal metabolome from populations of diverse 

behaviors and lifestyles. The sample set includes the birthplace of humanity and the last 

continental expansion of our species, Africa and Americas, respectively; moreover, the sample 

set includes hunter-gatherer, subsistence farmer, and industrialized lifeways. A metabolite 

observed across these geographic regions and among these different lifeways is an estimate of a 

shared metabolome, without implying that it is present in every single individual, similar to 

definitions used when describing the microbiome156. Yet, we do not presume to have captured 

the complete range of diversity of industrial lifestyles or age groups. To broaden our analysis, we 

co-analyzed our data with all the publicly-available human fecal samples in the Re-Analysis of 

Data User Interface (ReDU)139. A total of 5,466 human fecal samples from ReDU were co-

analyzed with our 90 samples, resulting in a total 105,707 metabolite features detected across the 

co-analysis (Figure 2c). These datasets contained samples from male and female children and 

adults. Moreover, the datasets included different MS platforms and different metabolite 

extraction methods, enabling us to assess the commonality of these metabolites across 
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experimental methods. Within these datasets, 80% of our shared metabolites were identified in 

this co-analysis. While these ReDU samples are from datasets containing various instrumental 

and experimental parameters in addition to wide variation of human diversity and lifestyles, the 

representation of shared metabolites further highlights the prevalence of a shared human fecal 

metabolome across different human populations.  Furthermore, we also examined the human 

fecal metabolome database (HFMDB)42, which contains 6,810 metabolites identified across 

multiple datasets, for our annotated shared metabolite features. 65% of our annotated shared 

metabolite features were present in the HFMDB (Table S2.2); examples of identified metabolites 

also found in the HFMDB include palmitoleic acid, hypoxanthine, and xanthosine. However, it 

should be noted that the HFMDB is comprised of data derived from various instrumental, 

analytical, and processing methods42. The absence of some of our shared metabolites from the 

HFMDB can be attributed to these methodological differences.  

Furthermore, we used Mass Spectrometry Search Tool (MASST)106 to search for MS/MS 

spectra matches to our shared metabolites in public datasets in GNPS45, Metabolomics 

Workbench107, Metabolights108, Foodomics109, and Skin Trace Evidence (Table S2.3). These 

searches report sample types matched with our spectra, such as human, mouse, plant, bacterial, 

or environmental sample types, as well as matched dataset name. Across our 67 shared 

metabolites, MASST reported a total of 4,485 total dataset matches, with an average of 67 total 

dataset matchers per metabolite. Indeed, 61% of our shared metabolites reported more matches 

to human samples than to other sample types (Table S2.3) and 79% of our shared metabolites 

also contained bacterial sample matches, suggesting a possible microbiome origin. Additionally, 

39% of our shared metabolites were present in human urbanization gradient studies and 67% 

were present in studies with cultured bacteria from the gut microbiome. Similar to HFMDB and 
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ReDU, MASST searches contain data collected through various instrumental and experimental 

methods – any absent shared metabolites can be attributed to these differences. Nonetheless, the 

MASST searches demonstrate the prevalence of our shared metabolites across different 

databases and MS/MS platforms. 

While we were able to reveal a shared human fecal metabolome, only 6.1% of our 

complete dataset had putative compound-level annotations (level 2 according to the 

metabolomics standards initiative41). Fifteen of these were validated using standards, enabling 

level 1 annotation confidence41 (Figure S2.4). 28.8% of the dataset had annotations based only 

on chemical class (level 3 of the metabolomics standards initiative41). This underscores the need 

for further annotation of human fecal metabolites, especially from human populations 

traditionally underrepresented in metabolomic databases. Additionally, it is important to note 

that samples used for this study were collected at different times and subjected to varying 

preservation treatments and lengths. However, our samples clustered based on industrialization 

category rather than storage conditions or geographic origin, indicating that any confounding 

influence from preservation was overshadowed by the effect of industrialization. Moreover, 

industrialization refers to a suite of features that can influence the metabolome, with diet as a 

strong candidate142,143. Other factors like demography, genetics, and environment also influence 

the metabolome with diet, highlighting a need to explore the mechanisms of industrialization’s 

effect on the human metabolome. Furthermore, our sampled populations had unequal sex and 

age distributions, potentially obscuring any effects caused by sex or age on the fecal 

metabolome. While our results do not indicate statistically significant differences based on age or 

sex, further research is needed with samples equally representing sex and age distributions. Full 
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data are freely available on GNPS45 so they can be of use to other researchers and annotations 

can continue to expand. 

2.5 CONCLUSIONS 

Our results demonstrate how industrialization profoundly shapes human fecal metabolic 

environments regardless of age, sex, or geographic origin. We also highlight strong 

commonalities in the fecal metabolome across these distinct populations, representing shared 

features of a human fecal metabolome represented by endogenous and exogenous metabolites. 

Based on our definition, these shared chemical components are shared by major human groups or 

populations, but not necessarily found in every human individual or LC-MS analysis, given 

differences in metabolite extraction or instrumental conditions between studies. Further studies 

focused on untargeted analyses of a spectrum of industrial and non-industrial populations, 

including past and present humans, can help elucidate the shared human fecal metabolome’s 

ubiquity, its relationship with the gut microbiome, and how processes such as industrialization 

drive human evolution. 
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Chapter 3 - Untargeted Mass Spectrometry-Based Metabolomics Reveals 

Responses to High Fiber Whole-Food Diets and Microbiome Composition in 

Mice3 

3.1 ABSTRACT 

Diet shapes gut microbiome composition and function, which influence the host at least 

in part by producing metabolites. These metabolites operate on intestinal receptors to cause 

cascading cellular signals to other organ systems, directly shaping host cellular responses to their 

environment. Examining organ responses to this metabolite network, called the metabolome, 

represents a direct link between host functions and phenotypes, the environment (especially diet), 

and health. In this mouse study, we evaluate the metabolomic consequences of multiple high-

fiber diets and microbiome communities. Through a multi-omic approach examining host 

microbiome and metabolome interactions, our results illustrate how diets and microbiome 

communities contribute to unique cecum and serum metabolite profiles. Germ-free mice (total 

n=86) were fed standard chow diets for two weeks, then colonized with three different human 

microbiome communities (subA, subB, subC). Mice were then fed one of three high fiber and 

high fat combination diets, with legume, vegetable, or whole grain supplementation. After 12 

weeks on these diets, cecum contents were sampled and blood serum samples were collected. 

Metabolites were extracted, separated using C8 liquid chromatography, and analyzed using 

electrospray ionization mass spectrometry in positive mode with data-dependent MS2 

acquisition. Data were analyzed using feature-based molecular networking, spectral library 

search, principal coordinate analysis, and PERMANOVA. Overall, diet and gut communities 

 
3 Full author list available in Supplementary Material B. 
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both differentially modulated cecal and serum metabolites. Analyses focused on microbiome-

modulated metabolites that were elevated or depleted compared to the germ-free controls. In the 

cecum, 40% of all metabolite features were microbiome-modulated, with 16% of these 

metabolites being microbiome community-specific and 19% diet-specific. The whole grain diet 

resulted in the greatest number of unique metabolites. In contrast, the microbiome community 

with the greatest number of unique metabolites varied by diet. Examining diet-donor effects 

together revealed variation in microbiome-modulated metabolites between donors and diets, with 

the vegetable diet as the most divergent diet and one specific community (subB) as the most 

divergent community. Examining molecular networks revealed donor-diet effects on 

hydroxycinnamic acids (e.g., ferulic acid in whole grain diet), bile acids (e.g., glycocholic acid 

enriched in subC community) and triterpenoids (e.g., glochidone abundance in legume diet). 

Furthermore, bile acids were often enriched in legume/vegetable diets, and subC/subA 

microbiome communities. In the serum, 19% of total metabolite features detected were 

microbiome-modulated. The whole grain diet was again associated with the greatest amount of 

unique microbiome-modulated metabolites across donors, but further diversity measures 

revealed no significant differences between donors across diets. Across these sample types, such 

diet-based patterns reveal how personalized dietary behaviors varyingly and uniquely shape 

metabolomes. Moreover, cecum and serum metabolomes exhibited different responses to diet-

informed gut microbiota activity. This finding displays spatial aspects to investigating host-

microbe relationships, where different metabolome systems are variably influenced by gut 

microbes and their responses to dietary behaviors. Additionally, significantly different 

metabolites between experimental groups included structural analogs of curcumol (plant natural 

product) and glochidone (plant metabolite). . Ultimately, these findings accentuate the strong 
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potential for dietary effects on personalized health through microbiome-metabolite interactions 

and highlights mass spectrometry-based metabolomic approaches for examining microbiome-

dependent personal dietary effects on host biology. 

3.2 INTRODUCTION 

Mammalian guts contain diverse microbial communities that influence many aspects of 

their biology, such as energy harvesting, vitamin production, and behavior157. The production of 

metabolites by gut microbes could influence cellular signaling cascades and cause epigenetic 

changes by interacting with the intestine and other organs, which in turn affects host 

physiology158,159. Numerous metabolites have been linked to the modification of cardiometabolic 

outcomes160. 

Whole grain, vegetable, and legume are major sources of fermentable fiber and are 

frequently encouraged as part of a healthy diet161. For example, the positive correlation between 

legume consumption and the lower risk of cardiovascular disease, obesity, type-2 diabetes, and 

cancer  has garnered considerable interest globally162. Additionally, earlier research found the 

anti-obesity properties of whole grain barley may be mediated by the action of dietary fibers, 

such as β-glucan, and their capacity to reduce lipid accumulation163. However, there was high 

variation in the benefits associated with whole grain and legume consumption among individuals 

164–167. Dietary fiber effects are distinct due to a number of factors, including individual genetic 

differences and their gut microbiome composition168,169. For instance, intake of whole grains 

lowers interleukin-6 plasma levels to a greater extent in subjects who had higher levels of 

Dialister and lower levels of Coriobacteriaceae species167. A recent study linked interpersonal 

variability in the glycemic response to whole-wheat bread consumption with the gut microbiome 

differences, suggesting that the relative abundance of Coprobacter fastidiosus and 
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Lachnospiraceae bacterium 3_1_46FAA were predictive features of a lower glycemic response 

to different bread types170.  

Furthermore, food type, quality, and origin shape gut microbiome composition and 

function, leading to variable host-microbe interactions171. Depending on food source, soluble and 

insoluble fibers are presented in varying amounts, and not all fiber contents are present in the 

same food categories157. For instance, resistant starch, β-glucans, and arabinoxylans are mostly 

presented in starchy foods such as oats, cereals and beans, whereas pectin is more abundant in 

fruits and some vegetables, like carrots and broccoli172. Physicochemical characteristics of 

different dietary fibers, including solubility, viscosity and fermentability, vary widely and 

influence efficiency in gastrointestinal tracts173. Besides fiber, whole grains and vegetables are 

also rich in polyphenols and vitamins, which modulate the risk of metabolic sydrome174,175. 

Some legume protein fractions, such as Bowman-Birk protease inhibitors, lectins, and seed 

albumin fractions, prevent intestinal inflammation by modulating gut microbiota176,177. Dietary 

fibers present in whole foods might synergize with these components to exert therapeutic 

potential in inflammatory and metabolic disorders157.  

Human microbiome research has garnered special interest in anthropology over recent 

years, particularly with regards to microbial responses to diets178. However, studying non-human 

microbial and metabolomic responses offers unique chances to do deep investigations of 

personalized health responses under controlled, systematic settings. In this spirit, we sought to 

investigate how gut microbiome variation contributes to the effect of high-fiber foods on 

metabolic health in mice. Considering the influence of fiber sources and the interaction with 

other components, germ-free (GF) mice harboring distinct microbiomes were exposed to three 

high-fat/fiber/cholesterol diets (45% fat, 7% fiber, 1% cholesterol) that contained fiber from 
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different whole foods (whole grain, vegetable, and legume). We tested the effects of these high-

fiber diets on mice and determined the cecal and plasma metabolites accumulated in the different 

treatment groups. We found the gut microbiome modulates the effects of high-fiber foods on 

metabolic health in a highly individual manner, which is reflected in metabolomic data. 

Additionally, strong individual differences were noted between high-fiber foods, gut microbiota, 

and cecum metabolites. 

3.3 MATERIALS AND METHODS 

Experiment Design 

 

Figure 3.1: Experiment design. 

 

Groups of five- to six-week-old male GF C57BL/6 mice were colonized via oral gavage 

with one of three human fecal communities: SubA, SubB or SubC (n = 28-30 mice/community, n 

= 86). Human fecal specimens were collected from overweight individuals (BMI = 28-30) aged 

in their mid-seventies with no history of type II diabetes, cancer, or heart disease and who self-
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reported consumption of a standard western-type diet179. Selected human communities showed 

distinct gut microbiome composition and predicted metabolic capacities when engrafted in 

mice180 (these human samples were approved for use according to the University of Wisconsin-

Madison Institutional Review board, see original publication180 for full details). For each 

community, 2-3 batches of animals were colonized at different times. Mice were fed with Teklad 

global 18% protein rodent diet (chow) a week prior to colonization and for two weeks following 

exposure to microbes to allow for stabilization. Following this period, mice colonized with each 

community were divided into three groups (Figure 3.1) and fed one of three isocaloric diets that 

differed on the type of fiber-rich whole food they contained: (i) whole grains, oats and quinoa 

trim; (ii) vegetables, carrots and broccoli; or (iii) legumes, black beans and pinto beans (n = 9-10 

mice/community/diet). These foods were selected as they represent common sources of dietary 

fiber in the US181–183 and were included in the mouse diet as dried powder.  Diets provided to the 

mice also contained a relatively high fat content (45% kcal from diet) and 1% cholesterol to 

promote metabolic disease184,185. Mice were maintained in these experimental diets for 12 weeks. 

Table 3.1 shows composition for all diets used in the study.  

Macronutrients  Contents 

Crude Protein  18.60% 

Fat  6.20% 

Carbohydrate  44.20% 

Crude Fiber  3.50% 

Energy Density  3.1 kcal/g 

Calories from Protein  24% 

Calories from Fat 18% 18% 

Calories from Carbohydrate  58% 

Table 3.1: Composition of Teklad global 18% protein rodent diet. 
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Dietary Formulation 

For dietary formulation, we set three high fiber/fat diet groups, including whole grains, 

vegetables, and legumes. We chose two high fiber foods in each category with the highest 

consumption in USA. Six food powders bought from Future ceuticals and Van drunen farms 

were drum-dried and ready to eat. Food powder was then added into three groups of mice pellets 

as the only fiber source, including broccoli and carrot (vegetables), oats and quinoa (whole 

grains), black beans and pinto beans (legumes). The three isocaloric diets equally contain 45% 

Fat, 1% cholesterol, 7% dietary fiber (Table 3.1). Experimental diets were manufactured and 

sterilized via irradiation by Envigo. 

Gnotobiotic husbandry 

All experiments involving gnotobiotic mice were performed using protocols approved by 

the University of Wisconsin-Madison Animal Care and Use Committee. All animal handling was 

done at the University of Wisconsin-Madison, who conducted mouse experimentation, sampling, 

and sent treated samples to the McCall Lab at OU. At the University of Wisconsin-Madison, all 

GF C57BL/6 mice were retained in plastic flexible film gnotobiotic isolators under a twelve-hour 

light-dark cycle (lights on at 6:00 am and off at 6:00pm) and consuming sterilized water and 

standard chow (LabDiet 5021; LabDiet) ad libitum until five to six weeks of age. The sterility of 

GF mice was confirmed by collecting fresh fecal samples and polymerase chain reaction (PCR) 

gel electrophoresis pattern analysis. 

Colonization of GF mice with human fecal samples and diet interventions 

Three human communities SubA, SubB and SubC were chosen based on a previous 

study180 that showed differences in their gut microbiota diversity. Fecal suspensions of each 

community were prepared under anaerobic conditions in Hungate tubes. Approximately 500 mg 
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of frozen feces was resuspended in 5 mL mega media. For each community colonization, ~36 

mice at five- to six-weeks of age fed with teklad global 18% protein rodent diet (2918) for 3 days 

were then orally gavaged with ~100 μL of fecal supernatant. To reduce cage effects, food-filled 

wires and bedding were switched between cages of mice from the same colonizing community. 

After two weeks on the 2918 diet, mice were divided into three diet groups and ear tagged. Each 

group received the indicated diet along with free access to water. Body weights were recorded 

once a week throughout the experimental period. After 12 weeks, fecal samples were collected. 

Blood samples were taken through axillary bleeding using isoflurane to induce anesthesia. Serum 

was acquired by coagulation for 30 min and centrifugation at 1500xg for 10 min at 4 °C and 

stored at -80 °C until measurement. Prior to sacrifice, mice were fasted for four hours and tissues 

were collected and snap frozen. Any microbiome analyses and data collection were done by 

University of Wisconsin-Madison collaborators and were not included as part of this dissertation. 

Metabolite extraction for untargeted metabolomics 

Metabolites were extracted using an optimized two-step extraction procedure97,186,187, 

homogenizing first in 50% methanol spiked with 2 μM sulfachloropyridazine (500 μL/50 mg 

cecal contents or food samples, or 200 μL/20 μL serum). Homogenate was centrifuged at 

16,000xg for 10 min. The centrifugation supernatant was collected and dried overnight in a 

Speedvac (ThermoFisher). The centrifuged pellet was homogenized in 3:1 dichloromethane: 

methanol spiked with 3 μM sulfachloropyridazine (500 μL/50 mg cecal contents or food 

samples, or 200 μL/20 μL serum). Homogenate was centrifuged at 16,000xg for 10 min. The 

centrifugation supernatant was collected and air-dried. Both dried extracts were stored at -80 °C 

until LC-MS analysis. 
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Liquid Chromatography-Tandem Mass Spectrometry Data Acquisition 

LC-MS/MS analysis was performed as previously described187–189. All solvents used for 

LC-MS/MS analysis were LC-MS grade, unless otherwise indicated. LC was done using a 

Kinetex C8 core-shell column (50 x 2.1mm, 1.7 μm particle size, 100 Å pore size) maintained at 

40 °C with a ThermoFisher Scientific Vanquish Flex Binary LC system. Samples were kept at 4 

°C within the LC system autosampler. For LC, mobile phase solvent A was LC-MS grade water 

with 0.1% formic acid, and solvent B was LC-MS grade acetonitrile with 0.1% formic acid. A 

total of 5 μL from each sample was injected in random order. A 7.5-minute runtime elution 

gradient was used, starting with 2% solvent B for 60 s, gradually increased to 98% solvent B 

across 90 s, held 98% solvent B for 120 s, decreased to 2% solvent B for 60 s, and held at 2% 

solvent B for 120 s.  

LC system was connected to a ThermoFisher Q Exactive Plus Hybrid Quadrupole-

Orbitrap Mass Spectrometer for MS/MS analysis. MS1 and MS2 data were both collected in 

positive mode. Full MS resolution was set to 70,000, AGC target was 3e6, maximum IT was 246 

ms, and scan range was 100-1500 m/z. Full MS2 resolution was 17,500, AGC target was 1e5, 

maximum IT was 54 ms, loop count was 5, and isolation window was 1 m/z. Additionally, MS2 

data were collected using data-dependent acquisition. The most abundant ion of each MS/MS 

cycle was identified and 5 MS/MS scans of these ions were recorded. Data-dependent settings 

were: minimum AGC target of 8e3, intensity threshold of 1.5e5, and dynamic exclusion of 10 s.  

Untargeted Metabolomics Data Analysis 

Following data acquisition, raw data files were converted to mzXML format using 

MSConvert98 v3.019014f9d568a3b. All mzXML files were imported into MZmine100 v2.53 for 

detecting sample peaks, building chromatograms, isotope grouping, aligning MS features and 
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filtering190. MZmine parameters were as follows for feature detection: centroided MS1 mass 

detection, MS1 noise level was 1E5, and MS2 noise level was 1E3; for ADAP chromatogram 

builder: minimum group size in number of scans was three, group intensity was 1E5, minimum 

highest intensity was 3E5, m/z tolerance was 10 ppm; for chromatogram deconvolution: local 

minimum parameter enabled, chromatographic threshold was 20%, search minimum in RT range 

was 0.05 min, minimum relative height was 26%, minimum absolute height was 3E5, minimum 

ratio of peak top/edge was 1, peak duration range was 0.01-1.1, m/z center calculation was set to 

“median”, m/z range for MS2 scan pairing was 0.01 Da, and RT range for MS2 scan pairing was 

0.1 min; for isotopes peak grouper: isotope peak grouper was 10 ppm, RT tolerance was 0.1 min, 

charge was 3, and lowest m/z was enabled; for alignment: join aligner was 10 ppm, RT threshold 

was 0.1 min, m/z weight was 1, and RT threshold weight was 1; for feature list row filter: keep 

only with MS2 scan was enabled, RT 0.5-7 min, minimum peaks in a row: 5, and reset ID was 

enabled. 

FBMN was performed using Global Natural Products Social Molecular Networking 

(GNPS)45 using the v28.1 GNPS workflow and spectral libraries. For FBMN analysis of MS/MS 

data, GNPS parameters were as follows: precursor ion mass tolerance was 0.02 Da, fragment ion 

mass tolerance was 0.02 Da, row sum normalization per file was enabled, mean aggregation for 

peak abundances per group was enabled, minimum peak filtering intensity was 0, filtered 

precursor window, filtered peaks in 50 Da window, filtered library, library search minimum 

matched peaks was 4, cosine score library search threshold was 0.7, maximum analog search 

mass difference was 100 Da, minimum pairs cosine score for networking was 0.7, maximum 

number of neighboring nodes was 10, minimum matched fragment ions was 4, maximum 

connected component size was 100, and maximum shift between precursors was 500 Da (level 2 
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metabolite annotation per Metabolomics Standards Initiative41). Results were exported to 

Cytoscape v3.9.1103 for molecular network visualization. The MolNetEnhancer105 workflow 

available on GNPS was used after FBMN analysis to improve annotation classifications (level 3 

metabolite annotations41). 

Microbiota-modulated metabolite selection was performed as follows. The resulting 

feature table was filtered on a per-sample-type basis (cecum or serum) to only retain metabolite 

features that met one of the following criteria: 1) 100x greater peak area in at least one colonized 

mouse compared to blanks, food or germ-free mouse samples (microbiota-elevated features) or 

2) 100x greater peak area in germ-free mice than in at least one colonized mouse sample AND 

100x greater peak area than in blank samples (microbiota-depleted features). The subsets were 

then combined into a single dataset of microbiota-modulated features, which was used for 

FBMN190. 

Feature abundance tables were exported into QIIME2114 qza format. QIIME2 produced 

Bray-Curtis dissimilarity matrices, which generated principal coordinate analyses (PCoA) plots 

visualized in EMPeror117. Statistical significance comparisons of beta diversity between donor 

and diet groups were done using PERMANOVA118 in QIIME2. Venn diagrams were generated 

by inputting cluster index lists for sample groups at http://bioinformatics.psb.ugent.be/ 

webtools/Venn/. Kruskal-Wallis one-way analysis of variance tests were performed in R, with 

separate analyses for the cecum and serum datasets. A false discovery rate (FDR)-corrected p < 

0.05 was used as a significance cutoff. Features differing between specific donor-diet pairs were 

selected through a median fold change cutoff of ≥ 2. Selected features underwent annotation 

through GNPS, facilitated by an R plugin (available at: https://github.com/camilgosmanov 

/GNPS). Annotations were inspected and confirmed/rejected based on mirror plot similarity 

http://bioinformatics.psb.ugent.be/%20webtools/Venn/
http://bioinformatics.psb.ugent.be/%20webtools/Venn/
https://github.com/camilgosmanov%20/GNPS
https://github.com/camilgosmanov%20/GNPS
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comparisons and plausible mass differences based on NetID191. Additionally, 

MolNetEnhancer105 generated chemical taxonomic assignments from ClassyFire104 for each 

metabolite feature. Data were visualized using UpSet plots122 and colored using chemical 

taxonomic labels from ClassyFire104. Python packages used for making UpSet plots included 

“pandas”124, “upsetplot”, “matplotlib”126, “seaborn”192, and “numPy”193. All R and Python code 

used for Kruskal-Wallis tests, median fold change calculations, file formatting, and UpSet plot 

generation are available at: https://github.com/jhaffner09/Wisconsin_Diet_Project.  

Data availability 

Metabolomics data have been deposited in MassIVE, accession number MSV000087045. 

Molecular networking analysis can be accessed here: 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=3a3e85a2a63043d7a505547233ea9a91 (full 

dataset, including food constituents); 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=1b1f02ddb16743d091801ca17b83a386 

(feature-based molecular networking, microbiota-elevated and microbiota-depleted metabolite 

features combined); 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=00be111fe8a4480286ba1e1a24dcc814 

(MolNetEnhancer). Representative code has been deposited on GitHub, 

https://github.com/camilgosmanov/GNPS (for automated feature annotation via GNPS) and 

https://github.com/camilgosmanov/Wisconsin-Diet-Project/blob/main/Diet_Project.R (to filter 

metabolites depleted in colonized mice). 

https://github.com/jhaffner09/Wisconsin_Diet_Project
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=3a3e85a2a63043d7a505547233ea9a91
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=1b1f02ddb16743d091801ca17b83a386
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=00be111fe8a4480286ba1e1a24dcc814
https://github.com/camilgosmanov/GNPS
https://github.com/camilgosmanov/Wisconsin-Diet-Project/blob/main/Diet_Project.R
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3.4 RESULTS AND DISCUSSION 

Diet and gut community differentially modulate cecal metabolites 

We focused specifically on metabolites modulated by the microbiome, indicated as 

elevation or depletion (>10-fold) compared to GF controls exposed to the same diet (see 

Methods), representing ~40% of all metabolite features detected in the cecum. We refer to this 

dataset as microbiome-modulated metabolite features, below. A significant fraction of the 

microbiome-modulated cecal metabolite features were only detected in a given donor or a given 

diet (16% and 19%, respectively). The greatest proportion of uniquely elicited metabolites for a 

given donor was observed in mice fed the whole grain diet (Fisher’s exact test, p < 0.05 for all 

pairwise comparisons between whole grain diet and other diets, for a given donor, except for 

legume vs. whole grain in SubB, Figure 3.2E-G).  
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Figure 3.2: Gut microbial community and diet modulate cecal metabolites.  

(A) PCoA of Bray-Curtis dissimilarities between cecum microbial metabolites for all three 

donors. (B-D) PCoA of Bray-Curtis dissimilarities between cecum microbial metabolites for 

each donor. SubA(B), SubB(C) and SubC(D). Color legend from (A) applies to B-G. (E-G) 

Numbers of elevated/depleted metabolites present in different diets in each donor.  SubA (E), 
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SubB (F), and SubC (G). (H-J) Numbers of elevated/depleted metabolites present in different 

donors in each diet. SubA colored red, SubB colored blue, SubC colored orange. Legume (H), 

vegetable (I), and whole grain (J). 

 

The community with the largest number of unique microbiome-modulated metabolites was 

variable depending on the diet: SubC for vegetables and whole grain, and SubB for legume diet 

(Fisher’s exact test, p < 0.05 for all pairwise comparisons except SubB-SubA for the legume diet, 

Figure 3.2H-J).  Across whole grain and vegetable diets, SubA had the least number of unique 

microbiome-modulated metabolite features (Fisher’s exact test, p < 0.05 for all pairwise 

comparisons except SubA-SubB for vegetable diet, Figure 3.2H-J). The total number of observed 

microbiome-modulated metabolites (alpha diversity) only differed by diet for SubB, with the 

lowest number of observed metabolite features in the vegetable diet (Kruskal-Wallis q-value < 

0.05 for legume to vegetable and whole grains to vegetable diets, Figure S3.1). Differences 

between diets were not significant for SubA and SubC, and neither were differences between 

donors for any given single diet (Kruskal-Wallis q-value > 0.05, FigureS3.1).   

In contrast, we observed substantial variation in microbially-modulated metabolite 

abundance between mice colonized with different communities and diets (Bray-Curtis 

dissimilarity metric; PERMANOVA p=0.001 R2=0.196 for diet; p=0.001 R2=0.174 for donor; 

p=0.001 R2=0.0783 for the interaction between diet and donor, Figure 3.2A). The vegetable diet 

was the most divergent (pairwise PERMANOVA pseudo-F of 10.0 for legumes vs vegetable and 

12.0 for whole grains vs vegetable; pseudo-F of 8.4 for legumes vs whole grains; all q-

values=0.001). SubB was the most divergent overall, with SubA closer to SubC (pairwise 

PERMANOVA pseudo-F of 9.4 for SubB vs SubA and of 13.6 for SubB vs SubC, both q-

value=0.0015; pseudo-F of 3.2 for SubA vs SubC, q-value=0.003). Within each donor, all diets 
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differed significantly from each other (pairwise PERMANOVA q-value<0.05), with the most 

divergent diet varying by donor: whole grain for SubA and SubC, legume for SubB (Figure 

3.2B-D).  
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Figure 3.3: Unique and overlapping metabolite features with differential abundance between 

donor and diet combinations in cecal contents (UpSet plot).  

Kruskal-Wallis, FDR-corrected, p<0.05 and fold change ≥ 2 between donor-diet combinations. 

Connected black circles represent experimental diet-donor pairs that had significantly 

modulated metabolite features in common (intersections between groups). Figure subset to only 

include overlaps containing ten or more features. Colored columns represent the number of 

microbiome-modulated metabolite features in each intersection, colored by ClassyFire104 

superclass. For example, 73 metabolite features differed in abundance by at least two-fold 

between SubB under the legume diet and all other diet-donor combinations, in a pairwise 

fashion. Row bars represent the number of metabolite features in a given set, for example 704 

metabolite features that met our cutoff criteria when comparing SubC-colonized mice consuming 

vegetable diet (SubC-V) to SubC-colonized counterparts consuming the whole grain diet (SubC-

WG). Features whose differential abundance was characteristic of a given donor-diet 

combination are marked by a gold box. Features whose differential abundance was 

characteristic of specific diets are marked by red and blue boxes (red box, characteristic of the 

whole grain diet; blue box, characteristic of the vegetable diet). V, vegetable; L, legume; WG, 

whole grain diets. 

Consistent with the considerable beta diversity changes observed, 59% of microbiota-

modulated metabolite features significantly differed between donor-diet combinations (Kruskal-

Wallis p < 0.05, FDR-corrected). Differential metabolites were characteristic of a given donor + 

diet combination (Figure 3.3; gold box, first eight largest intersections), then to a given diet 

across donors (Figure 3.3, whole grain diet, highlighted in red box and vegetable diet, 

highlighted in blue box). Most microbially-modulated features could not be annotated, but of 

those with annotations were mainly lipids (glycerophosphocholines, acylcarnitines, linoleic acid 

derivatives, bile acids), small peptides, and plant-derived metabolites (triterpenoids, 

hydroxycinnamic acids) (Figures 3.4-3.6).  

With regards to these plant-derived metabolites, hydroxycinnamic acids (Figure 3.4, top 

left), for example, were observed in cecal contents, mainly in animals consuming whole grain 

and vegetable diets, as well as in the whole grain, vegetable and legume foods consumed by the 

animals. Ferulic acid (both adducts combined) significantly differed in abundance between 

whole grain diets and the other two diets in all donors (except in SubC where a significant 
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difference was only observed between the whole grain and vegetable diet, Kruskal-Wallis p < 

0.05, FDR-corrected). Ferulic acid also differed between SubC and the other two donors 

consuming both a vegetable and a whole grain diet (Kruskal-Wallis p < 0.05, FDR-corrected). 

Triterpene saponins were detected only in the legume diet and in the cecal contents of animals 

fed a legume diet (Figure 3.4, top right). Triterpenoids likewise were found in whole grain and 

legume foods, and mainly in the ceca of animals consuming these two diets (Figure 3.4, bottom).  

 

Figure 3.4: Plant-derived metabolite families differentially impacted by microbiome and diet. 

Node color background indicates the food in which the node was detected. Clear backgrounds 

indicate that the node was not detected in food. Node pie charts indicate relative abundance in 
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mouse samples, irrespective of sample source (cecum or serum). Black labels indicate node m/z. 

Node annotations and discussed node chemical mass differences are indicated in brown.  

Connected nodes indicate MS2 similarity (cosine score >0.7), an indicator of shared chemical 

substructures. Top left, hydroxycinnamic acids; top right, triterpene saponins; bottom, 

triterpenoids. 

 

Furthermore, through molecular networking45,190, we were able to observe differential 

metabolism of these constituents between donors and diets (Figure 3.4). Molecular networking 

connects metabolite features with similar MS2 fragmentation patterns, indicating shared 

chemical substructures, which can indicate metabolism of one metabolite feature into a product 

metabolite45,190. For example, the triterpenoid metabolite m/z 439.355 RT 2.78 min (brown 

arrowhead) was detected in the whole grain food samples and in cecum contents of legume- and 

whole grain-fed animals. This metabolite feature was directly connected through molecular 

networking to a deoxygenated metabolite, m/z 423.3602 RT 3.05 min, annotated as the 

triterpenoid glochidone, only detected in cecal contents for legume-fed animals, at comparable 

levels between donors (p > 0.05, Kruskal-Wallis with post-hoc Dunn’s test, FDR-corrected, for 

comparisons between the different legume-fed donors). This could indicate expression of 

dehydroxylase specifically in legume-fed animals, or a hydroxylase under both legumes and 

whole grain diets. Dehydroxylation of diet-derived phenols is a known enzymatic activity of the 

gut microbiome194. Multiple other metabolites related to m/z 439.355 RT 2.78 min by 

oxidation/hydroxylation were also detected across donors, in legume and whole grain-fed 

animals. An oxidized metabolite related to the triterpenoid soyaspongenol C, m/z  457.3655 RT 

2.88 min (brown arrowhead), was likewise specifically detected in the cecum of legume-fed 

animals only with no significant difference in abundance between donors. This could indicate 

expression of an oxidase enzyme specifically in legume-fed animals. In contrast, a demethylated 

analog of glochidone was observed at significantly higher levels in SubA compared to other 
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donors (Figure 3.4; p < 0.05, Kruskal-Wallis with post-hoc Dunn’s test, FDR-corrected, for 

comparisons between the different legume-fed donors). This may reflect a demethylase enzyme 

unique to microbes present in the SubA community. 

Figure 3.5: Impact of donor and diet on bile acid relative abundance.  

Node pie charts indicate relative abundance in mouse samples, irrespective of sample source 

(cecum or serum). Labels indicate node m/z. Connected nodes indicate MS2 similarity (cosine 

score >0.7).  *, p<0.05 by Kruskal-Wallis with post-hoc Dunn’s test, FDR-corrected. 
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Other known microbiota metabolites also differed as a function of donor and diet, with 

considerable variation in primary and secondary bile acid family members. Lysine-conjugated 

cholic acid, for instance, was significantly lower in SubB compared to SubA and SubC and 

glycocholic acid was significantly higher in SubC (p < 0.05, Kruskal-Wallis with post-hoc 

Dunn’s test, FDR-corrected, Figure 3.5). Of particular interest is commendamide, which is a 

known G-protein coupled receptor (GPCR) agonist produced by the human microbiome195 and 

was elevated across multiple diets in SubA-colonized mice compared to SubB counterparts (p 

<0.05, Kruskal-Wallis with post-hoc Dunn’s test, FDR-corrected; Figure 3.6, top). 

Kynurenic acid, which is produced under inflammatory conditions and regulates immune 

responses196, was significantly higher in SubB-colonized mice consuming legumes and vegetable 

diets compared to SubC- and to SubA-colonized animals (except for SubA legume diet). 

Kynurenic acid levels were also higher in SubA-colonized mice consuming the legume diet 

compared to mice other diets and to mice colonized with SubC community consuming all diets 

(p < 0.05, Kruskal-Wallis with post-hoc Dunn’s test, FDR-corrected, Figure 3.6, bottom). 
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Figure 3.6: Impact of donor and diet on commendamide and kynurenic acid.  

Node pie charts indicate relative abundance in mouse samples, irrespective of sample source 

(cecum or serum). Labels indicate node m/z. Node annotations and discussed node chemical 

mass differences are indicated in brown. Connected nodes indicate MS2 similarity (cosine score 

>0.7). *, p<0.05 by Kruskal-Wallis with post-hoc Dunn’s test, FDR-corrected.  
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Diets and gut communities modulate serum metabolites 

Many of the systemic effects of the gut microbiome are mediated through metabolites 

that reach the circulation197,198. We therefore supplemented the analysis of cecal contents and 

dietary constituents with metabolomic analysis of serum samples. Serum samples were processed 

using the same metabolite extraction and data acquisition methods as for food and cecal contents 

(see Methods). The resulting serum metabolomics dataset was likewise filtered to focus on 

metabolites modulated by the microbiome, either elevated or depleted compared to serum 

samples from germ-free controls exposed to the same diet (see Methods). This represented 19% 

of all metabolite features detected in the serum, a lower proportion than in the cecum. We refer 

to this dataset as microbiome-modulated metabolite features, and describe their relationship to 

donor and diet, below.  

Overall, the impact of donor community on microbiota-modulated metabolites in the 

serum was weaker than diet (PERMANOVA p=0.001 R2=0.129 for diet; p=0.003 R2=0.052 for 

donor; p=0.767 R2=0.034 for the interaction between diet and donor) (Figure S3.2A-D). As with 

cecal contents, there were far more unique microbiota-modulated metabolites observed under a 

whole grain diet (Fisher’s exact test, p < 0.05 for all pairwise comparisons between whole grain 

diet and other diets for a given donor, Figure S3.2E-G). In contrast, the donors with the least 

unique metabolite features diverged between diets and did not mirror the observations in the 

cecum (Figure S3.2H-J). Similar to our observations in the cecum, there were no significant 

differences in observed metabolite numbers (alpha diversity) between donors, for any given diet 

(Kruskal-Wallis q-value>0.05). With regards to the impact of diet for a given donor, unlike our 

observations in the cecum, here we observed greater alpha diversity in the serum of mice 

receiving whole grain diet for each donor (Kruskal-Wallis q-value<0.05 for comparisons to both 
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vegetable and legume diets for SubA and SubC; q-value<0.05 for comparison to vegetable diet 

only for SubB; Figure S3.3).  

In accordance with the lesser impact of donor and diet on the serum compared to the 

cecum, fewer microbiota-modulated metabolites significantly differed between donor-diet 

combinations (13% of serum metabolite features, Kruskal-Wallis p < 0.05, FDR-corrected, 

Figure S3.4). Annotatable differential molecules belonged to the same ClassyFire104 subclasses 

as in the cecum, including lipids (bile acids, phospholipids, acylcarnitines) and amino acids, 

peptides and analogs. Likewise, as in the cecum, many differential metabolites were 

characteristic of a given donor + diet combination (Figure S3.4, gold boxes). However, only 12 

metabolite features met our significance cutoff for both serum and cecum, including glu-val 

dipeptide (m/z 247.1282 RT 0.5 min), a structural analog of curcumol (m/z 181.158 RT 3.28 

min), and m/z 471.3449 RT 2.75 min, structurally related to glochidone (triterpenoid). For most 

of these overlapping features, however, the impact of diet differed between serum and cecum. 

Exceptions included: m/z 471.3449 RT 2.75 min, which was associated with the legume diet in 

both sample types; m/z 445.2936 RT 2.97 min, which was associated with whole grain diets for 

both cecum and serum; m/z 447.309 RT 3 min, which was also associated with whole grain diet 

for both sample types; and glu-val dipeptide, which was lower in the whole grain diet compared 

to the legume diet for SubA and SubC (Kruskal-Wallis with post-hoc Dunn’s test, FDR 

corrected, p < 0.05). This indicates the importance of considering local tissue metabolism when 

analyzing dietary and microbiome composition consequences. 

3.5 CONCLUSIONS 

 Our results demonstrate varying mouse serum and cecum metabolomic consequences of 

diet-caused microbial responses. Through an emphasis on the molecules modulated by the gut 
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microbiome, specific diet- and/or microbiome community donor- effects on these metabolomes 

can be examined. Specific diets, such as the whole grain diet, exhibited strong influences over 

both metabolomes and resulted in the greatest number of metabolites across donors. Meanwhile, 

specific donor effects were mixed and were often informed by diet. These investigations of 

donor-diet effects show the strong influence of individual behaviors, especially diet, in shaping 

metabolomes. Furthermore, the specific diet-driven metabolomes reveal how diet type, quality, 

and origin result in different metabolomic phenotypes and illustrate potential pathways for 

exploring diet-health relationships. Together, these results illustrate specific, individualized 

responses to high fat and high fiber diets through the gut microbiome, subsequent cecum and 

serum metabolomic reactions, and how these layers of biology relate together. By conducting 

this study under controlled settings with mice, the results gleaned from this project represent 

promising avenues for exploring diet, microbiome, and metabolome relationships in humans. 

Overall, this project offers a systematic approach for investigating personalized health and 

metabolomic responses to diets.  
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Chapter 4 - Mass Spectrometry Database of Archaeologically Relevant Plants 

for Organic Residue Analysis4 

4.1 ABSTRACT 

Organic residue analysis in archaeology using mass spectrometry (MS) is a robust 

technique to detect and discuss ancient biomolecules for reconstructing past cultural behavior, 

such as diet composition and even specific recipes. Studies often involve targeted MS analyses 

of known or suspected substances, while untargeted analyses characterizing broad ranges of 

molecules are less common despite their potential to identify unexpected compounds. Regardless 

of approach, residue studies depend on the quality of reference samples in metabolomics 

databases, especially with regards to dietary substances like plants, but such reference collections 

are rarely accessible. This project bridges this gap by generating an untargeted MS-based 

metabolomics dataset of wild and domesticated plant species from the Americas with 

significance to archaeological studies, as well as Old World plants. Through generating novel 

high-quality public plant references from different spatial and temporal contexts, other 

researchers can compare their unknown samples against our data, increasing molecules identified 

from plant residues. Moreover, the multi-regional structuring of the plant database allows 

archaeologists to provide more contextualization to analyses without biasing results to a single 

region. These data also create opportunities for researchers to explore deeper questions about 

past and present plant use, regardless of experimental conditions or archaeological context. 

 
4Full author list available in Supplementary Material C. 
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4.2 INTRODUCTION 

Archaeological residue analysis is a robust technique for exploring past human cultural 

behavior. This technique involves any series of biomolecular analyses of organic residues 

preserved on archaeological samples21,57, usually focused on identifying chemical compounds 

within the preserved residue that might indicate the original residue’s identity and contents23,57. 

Sample types vary in residue analyses can include bone199, soil200,201, and dental calculus53,202, 

but ceramics (either intact vessels or fragmented potsherds) are among the most common sample 

types58,203–205. Through determining the chemical makeup of an organic residue, researchers can 

explore how the archaeological sample was used, interpret potential function of the object (e.g., a 

fragmented vessel can be interpreted as a smoking pipe if nicotine is detected62), identify 

potential source information, and more23,57. While these residue analyses have a long legacy in 

archaeology, these analyses overlap with techniques and practices seen in MS-based 

metabolomics20,62. 

In the context of ceramic vessels, these residue analyses often link the presence of detected 

molecules to the vessel’s interpreted use and then assume vessel function, but vessel use does not 

necessarily equal function58. A vessel’s use refers to the specific task(s) the vessel was put to, 

while vessel function refers to the sociocultural-associated contexts of a vessel within the larger 

archaeological site context58. Residue analyses effectively report on vessel use through 

identifying specific biomolecules found in the preserved residue and apply these detected 

molecules to interpret vessel use, which is then applied to infer vessel function and study past 

human behaviors. However, it is important to note that molecular data only reports that the 

archaeological sample was exposed to that detected molecule at some point in time23,206. 

Associating these detected molecules to vessel use and function, and then interpreting past 
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human behavior within the larger archaeological context, requires complementing the molecular 

data with other historical, ethnographic, and/or archaeological data23,57. Residue analysis studies 

have made great strides at navigating the vessel use vs. function dichotomy and exploring past 

human behavior through these residue data, but these residue-based approaches are nonetheless 

methodologically limited in a few key areas. 

One major limitation with archaeological residue analysis involves the overrepresentation of 

targeted MS analyses using a biomarker approach25,28,60–62,207,208. The biomarker approach in 

residue analysis treats molecules detected in archaeological organic residues as biomarkers, 

which are chemical compounds whose presence is assumed to indicate some state (e.g., health or 

disease states) or past behavior (in archaeological contexts)21,23. These targeted residue analyses 

examine known or suspected molecules38, treat these detected molecules as biomarkers 

indicative of past cultural behavior, and then integrate the molecular biomarker data with other 

existing data to support or reject existing hypotheses21. For example, theobromine is a biomarker 

associated with cacao and chocolate consumption59,205. Another common biomarker is nicotine, 

which is associated with tobacco use61,62,209. While these targeted biomarker studies yield useful 

information about past human behavior, such targeted analyses might miss out on data running 

counter to existing hypotheses. Untargeted analyses have the potential to detect other interesting 

molecules, but this analysis type remains less popular in archaeological residue analysis, partly 

due to lack of existing successful methods. 

Another major issue in residue analysis is the reliance on gas chromatography (GC) over 

liquid chromatography (LC). Beyond the different mobile phase states, GC and LC differ in three 

crucial ways related to residue analysis: GC uses a heater vaporizer to interact sample molecules 

with the mobile phase (making GC better-suited for thermally stable molecules), GC is biased 
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towards nonpolar molecules, and GC is accurate up to 600 Da15. Meanwhile, the lack of heater 

vaporizer for LC makes it ideal for thermally volatile molecules, LC is biased towards polar 

molecules, and LC is accurate up to 1500 Da. The increased resolution and capacity to detect 

wider ranges of molecules offered by LC makes it better suited than GC to explore wide ranges 

of molecules210,211, especially when applied to untargeted MS analyses. Nonetheless, GC-MS 

remains the more popular choice for residue analyses22,23,26,28,212–216. The popularity of GC-MS 

over LC-MS has created a methodological gap in residue analysis literature. Although LC-MS is 

becoming more common in residue analysis23,59,60,62,208,209,217, the need for LC-based methods 

still persists, especially for untargeted MS analyses. 

Another major challenge with archaeological residue analysis is the lack of standardized 

high-quality references. In targeted (often GC-MS-based) residue analyses, researchers generally 

compare the molecule(s) of interest in the data against an authentic chemical 

standard23,24,203,205,208,209,215. Ideally, comparisons against such chemical standards should be done 

when confirming annotations, according to level one annotations of the MSI41. When analyzing 

samples via MS, data can be compared against MS databases such as GNPS45 or the National 

Institute of Standards and Technology (NIST) spectral database218, which report level two 

annotations according to the MSI41. However, by nature, residue analysis studies are working 

with degraded organic residues that have been subjected to poorly-understood taphonomic 

processes206. Detected molecules from sampled residues are associated with a specific food 

product, such as methylxanthine and cacao/chocolate, but few studies incorporate the assumed 

dietary product (e.g., chocolate) as a reference with the associated organic residue23,57. This lack 

of reference material is especially apparent for residue studies focused on dietary recipes. Some 

residue approaches adopted experimental archaeology-based techniques, like experimentally-
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smoking tobacco as a comparison against historically-smoked tobacco pipes62 or burying 

cooking pottery to simulate taphonomic processes on protein residues203. While these studies 

represent steps in the right direction, very few studies analyzed raw, unprocessed plant and/or 

other dietary material that are associated with residue biomarkers.  

In this spirit, we analyzed 281 raw diet samples comprised of wild and domesticated plants 

from three regions in the Americas. Our goal is to analyze these samples via untargeted LC-

MS/MS to create a dataset of high-quality MS references of archaeologically-relevant plant 

material. Importantly, these data were collected through developing an untargeted metabolite 

extraction protocol and to prepare samples for untargeted LC-MS/MS; this enables detection of 

broad metabolite ranges for each sample. While this plant-focused approach is new in 

archaeological residue analysis, such analyses of dietary products exist in MS-based 

metabolomics literature. One such study generated chemical inventories of raw and processed 

foods consumed by modern humans to enable explorations of chemical changes introduced by 

food preparation processes39. However, this study focused on foods common to modern western 

industrialized human populations39, while our study examined dietary products relevant to 

archaeological and Indigenous communities. Through generating untargeted metabolomics 

profiles of plants and other dietary samples, we expect to see a rise in the number and quality of 

annotations seen in residue analysis studies. Moreover, detailing the extraction/analysis methods 

used and making the data accessible create opportunities for other researchers to apply these 

approaches and data to their own work. While detailed analyses of the plant metabolomic 

profiles are forthcoming, this dissertation chapter will describe our untargeted LC-MS/MS 

approach and preliminary results of these plant data. 
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4.3 MATERIALS AND METHODS 

Project Design 

A total of 281 plant samples were collected from three locations in the Americas (Figure 

4.1): Mexico (n=155), New Mexico (n=88), and Southern Belize (n=34). Sample collection 

occurred at different times, but sample treatment protocols were standardized across the regions. 

Plants included grains, fruits, nuts, berries, chiles, roots, inhalants, medicinal and cultural herbs, 

etc. (see Table S4.1 for full plant list). Additionally, some plants were present across all three 

regions and multiple parts of plants were subsampled to examine differences based on collected 

region and different bioactive parts of the plants. 

Figure 4.1: Plant sampling locations. 
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Sample Collection 

 Mexico samples were collected by co-author Dr. Christina Warinner in 2005-2006 from 

public markets in two different areas: Mercado Benito Juárez in Oaxaca City (n=105, summer 

and winter collections), and Villahermosa market (n=50). All samples were purchased from these 

public markets. Samples were then subsampled, frozen, and transported by hand to the Harvard 

University Biochemistry Laboratory. Upon arrival, plants were lyophilized then stored at room 

temperature. Additionally, samples underwent δ13C and δ15N isotopic analysis by Dr. 

Warinner219 prior to work for this project. Samples were then shipped to the Laboratories of 

Molecular Anthropology and Microbiome Research (LMAMR) in Norman, Oklahoma.  

 New Mexico plant samples were collected in summer 2022 from two primary locations: 

the Flowering Tree Permaculture Institute in Española, New Mexico (n=83); Plants of the 

Southwest plant nursery in Albuquerque, New Mexico (n=5). Flowering Tree sample collection 

was directed by Roxanne Swentzell, a renowned artist and expert in local plant history and 

usage, who provided guidance on which plants were relevant to Indigenous communities 

historically and today. All Flowering Tree plants were collected on-site. Some plants (namely 

corns and peppers) were previously sun-dried for storage, while most plants were pulled directly 

from the ground. Following in-field collection, all non-sun-dried plant materials underwent 

dehydration using a netted food dehydrator until samples were desiccated. Small aliquots, 

approximately 50 mg, were stored in 2mL Eppendorf tubes. Following desiccation and 

subsampling, all remaining plant material were stored in plastic bags. While Flowering Tree 

samples were drying down, Plants of the Southwest samples were collected from the plant 

nursery supplies according to direction from nursery employees. The Plants of the Southwest 

nursery was chosen due to its plant type variety compared to other local nurseries and openness 
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for sample collection. Plant material was collected directly on-site and stored in plastic bags, 

according to nursery employee requirements. After sampling, plants were dried down using the 

same protocol and instrument used with the Flowering Tree samples (all materials were cleaned 

between usage for the sites). After desiccation, all dried plant material was aliquoted into 2mL 

Eppendorf tubes. Additionally, four honey samples collected from New Mexico European 

honeybees (n=2) and Yucatán stingless bees (n=2) were included to serve as non-plant dietary 

material. Other non-plant samples included chokecherry-based jam and a soil sample from the 

Flowering Tree site. Excluding the evaporation step, these non-plant samples were treated 

identically to the plant samples. After in-field collection and preparation were completed, 

samples were brought to LMAMR and stored at room temperature. 

 Belize sample material was collected in 2021-2022 from the Bladen Nature Reserve and 

the Toledo District of the Santa Cruz Village with guidance from local farmer Jose Mes, who 

contributed plants from his farm and directed plant identification and collection. After collection, 

samples were then shipped to the Center for Stable Isotopes at Albuquerque, NM. Upon arrival 

in Albuquerque, samples were air-desiccated using a netted dehydrator and subsamples were 

lyophilized for long-term storage. Following desiccation, 50 mg aliquots were stored in 2mL 

Eppendorf Safe-Lock tubes and brought to LMAMR. 

Sample Treatment and Extraction 

Once all samples arrived at LMAMR, dried sample aliquots were stored at room 

temperature. Prior to untargeted metabolite extraction, all subsampled aliquots (~50 mg) were 

transferred to Sarsedt 2mL screw-cap tubes. The original sample collection was done using 2 mL 

Eppendorf Safe-Lock tubes, but the Sarsedt 2 mL screw-cap tubes were later preferred because 

the screw-cap lids better minimize leaks during sample homogenization than the Eppendorf lids. 
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Extraction protocol was optimized from an untargeted metabolite extraction technique with 

proven success97. One extra step was added: a 24-hour sample soak using extraction solvents. 

While all samples were analyzed as a single batch via LC-MS/MS, metabolite extractions were 

done as separate batches based on sample region, with three extraction batches total (one 

Mexico, one New Mexico, and one Southern Belize).  

All used solvents were LC-MS grade. After subsampling, 2 mL of 50% methanol was 

added to each sample tube. All tubes were then left at room temperature to soak for 

approximately 24 hours. This 24-hour soak allows the extraction solvent to completely soak and 

permeate plant material. After the soak, supernatants were removed and stored in separate tubes 

as backups. The remaining sample material was subject to subsequent treatment for metabolite 

extraction. Following the supernatant removal, a single 5mm Qiagen steel bead was placed in 

each sample tube to assist with homogenization. Next, varying amounts of chilled 50% methanol 

spiked with 2 µM sulfachloropyridazine was added to each tube. Volumes were normalized by 

sample weight; 50 mg sample corresponds with 1000 µL 50% methanol. After adding extraction 

solvent, samples were homogenized using a Qiagen Tissuelyzer at 25 Hz for six minutes and 

centrifuged at 16,000 x g at 4 ºC for ten minutes. Sample tubes were placed on ice while 120 µL 

aqueous-layer supernatants were collected and placed in a 96-well plate. These aqueous sample 

supernatants were dried down in a SpeedVac vacuum concentrator to minimize matrix-specific 

metabolites. All remaining supernatant was transferred to a separate well plate and stored at -80 

ºC for long-term storage. The leftover sample pellet (comprised of organic metabolites) was kept 

as part of the subsequent organic extraction. For organic-layer metabolite extraction, 1000 µL 

prechilled 3:1 dichloromethane:methanol (spiked with 2 µM sulfachloropyridazine as IS) per 50 

mg sample volume was added to sample pellets. Samples were homogenized at 25 Hz for six 
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minutes and centrifuged at 16,000 x g 4 ºC for ten minutes. After homogenization and 

centrifugation, 120 µL of each supernatant was placed into a 96-well plate (matching the well 

position used for the aqueous supernatants) and left to air-dry in a fume hood overnight. The 

remaining organic-layer supernatant was stored at -80 ºC for long-term storage. After aqueous 

and organic layers were completely dried down, the sample 96-well plates were stored at -80 ºC 

until LC-MS/MS analysis. Negative controls with water were included for each extraction batch 

and underwent identical treatments as plant samples. Sample treatment is also visualized in 

Figure 4.2. 

Figure 4.2: Experiment design. 

 

On day of LC-MS/MS run, sample plates thawed at room temperature and 120 µL of 

50% methanol spiked with 2 µM sulfadimethoxine (second IS) was added to each well to 
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resuspend sample material. Sample-matched supernatants were combined and added to a 

separate 96-well plate for LC-MS/MS analysis. All 96-well plates were sonicated using a Fisher 

Scientific Ultrasonic Cleaning Bath to dislodge any remaining sample particulates. Each well 

plate had a single well with 150 µL of 50% methanol to serve as a blank control. 

LC-MS/MS Analysis 

 LC separation was done using a Polar C18 column (Kinetix 100 x 2.1mm, 2.6 μM 

particle size, 100 Å pore size) kept in a ThermoFisher Scientific Vanquish Flex Binary LC 

system column compartment maintained at 40 °C. All sample 96-well plates were kept in the LC 

system’s autosampler, which was kept at 4 °C. LC mobile phases were LC-MS grade water with 

0.1% formic acid and LC-MS grade acetronitrile with 0.1% formic acid as solvent A and B, 

respectively. A 12.5-minute runtime gradient was used with the following steps: started at 5% 

solvent B at 0.5 ml/min and maintained until 1 minute; after one minute, slowly increased 

solvent B percentage until reaching 100% solvent B by nine minutes total; held at 100% solvent 

B for two minutes; decreased back to 5% solvent B over 0.5 minutes; and kept at 5% solvent B 

for the remaining minute. Samples were injected in a randomized order to minimize carryover. 

Sample injection volume was 5 μL. 

 MS/MS analysis was conducted using a ThermoFisher Q Exactive Plus Hybrid 

Quadrupole-Orbitrap Mass Spectrometer. Only positive mode data were collected. Full MS 

resolution was 70,000, scan range from 70 to 1500 m/z, AGC target was 1e6, and maximum IT 

was 246 ms. For MS2 data analysis, resolution was 17,500, AGC target was 2e6, maximum IT 

was 54ms, loop count was 5,  and isolation window was 1 m/z. MS2 data were collected with 

data-dependent acquisition where the most abundant ion of each MS/MS cycle was identified. 

For each of these ions, 5 MS/MS scans were recorded. For data-dependent acquisition, minimum 
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AGC target was 8e3, IT was 1.5e5, and dynamic exclusion was 10 seconds. At start of MS 

analysis, a well containing resuspension solvent was run and the top 1,000 features were selected 

to use as an exclusion list where these top 1,000 abundant features were excluded from MS 

analysis. All subsequent samples were run according to the parameters listed above with the 

exclusion list.  

Data Analysis and Processing 

 After LC-MS/MS analysis, raw data were converted from .RAW format to .mzXML 

using MSConvert98 v v3.0.19014. All files (.raw and .mzXML) were uploaded to MassIVE46 

(also see Data Availability) for storage and to enable classical molecular networking analyses45. 

Molecular networking was done using the “Metabolomics-SNETS-V2” GNPS v30 workflow. 

Classical molecular networking parameters were as follows: precursor ion mass tolerance was 

0.02 Da, fragment ion mass tolerance was 0.02 Da; advanced networking options: minimum 

pairs cosine score was 0.7, network TopK was 10, maximum connected component size was 100, 

minimum matched fragment ions was 4, minimum cluster size was 2 with MSCluster enabled, 

and maximum precursor ion shift was 500 Da; advanced library search options: default spectral 

libraries were selected, library search minimum matched peaks was 4, analog searches was 

enabled, minimum cosine score threshold was 0.7, and maximum analog search mass difference 

was 100; advanced filtering options: filter below standard deviation was 0, filter precursor 

window was enabled, filtered peaks in 50 Da window as enabled, filtered spectra from Group 6 

as blanks before networking was enabled, minimum peak intensity was 0, and filtered libraries 

was enabled.  

Once molecular networking was completed, the MolNetEnhancer105 v22 workflow was 

used to estimate chemical taxonomic classifications for level 3 annotations according to the 
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MSI41. MolNetEnhancer data were exported to Cytoscape103 v3.9.1 to visualize and inspect 

molecular networks. World map used in Figure 4.1 was made using the “rworldmap” package120. 

Parts of Figure 4.2 (i.e., tubes, MS instrument, etc.) were created with BioRender.com. Statistical 

analyses were performed using PERMANOVA118 

Data Availability 

 Untargeted LC-MS/MS data have been uploaded to MassIVE46 under the accession 

number MSV000091215. This dataset is currently set to private and is password-protected, but 

will be made public once data are ready for publishing with co-author approval. Classical 

molecular networking analysis is located at: https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task= 

677b1d18669f43428fb9b8a1e7fd126e (full dataset). MolNetEnhancer molecular networking job 

is located at: https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task= 

cdffbdea152e456e9e06b2cf3de57ec5.  

4.4 RESULTS AND DISCUSSION 

While the primary goal of this chapter is to detail the methods developed for untargeted 

LC-MS/MS analysis of plant material and to make these data publicly accessible, early analyses 

reveal interesting patterns. A total of 36,605 metabolite features were detected across these 

samples using GNPS molecular networking45. PERMANOVA118 analyses indicate metabolomic 

differences based on region (p=0.001, pseudo-F=7.37794). Considering these sampled regions 

contained some of the same plants, these results indicate region-based differences in these 

untargeted plant metabolomic data. Furthermore, significant metabolomic differences were also 

observed based on the botanical part of the sampled plant (p=0.001, pseudo-F=2.18998). While 

these results report statistically significant differences for botanical parts, these effects are less 

pronounced than regional influences. However, these significant botanical part differences 

https://www.biorender.com/
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=%20677b1d18669f43428fb9b8a1e7fd126e
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=%20677b1d18669f43428fb9b8a1e7fd126e
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=%20cdffbdea152e456e9e06b2cf3de57ec5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=%20cdffbdea152e456e9e06b2cf3de57ec5
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illustrate spatial considerations to plant chemistry. These botanical part differences likely reflect 

different bioactive areas and functional chemistry. For example, the petals of a flower will 

exhibit a different metabolome from the flower’s stem, which reflect different molecular 

components and likely different bioactive capabilities. These spatial aspects of plant chemistry 

should be considered in residue analysis studies, as different plant parts will be varyingly 

reflected in archaeological residue data. Together, these results illustrate region and botanical 

part influences on plant metabolomes and emphasize the necessity of spatial considerations when 

examining plant-derived archaeological residues.  

Networking analyses reported annotations of plant-associated metabolite features in these 

data based on matches to library references (level two annotation, according to the MSI41). Such 

annotations included caffeine (m/z 195.024; RT mean 144.6; methylxanthine alkaloid associated 

with coffee, tea, and cacao220 – teas and cacao were present in our samples), capsaicin (m/z 

306.321; RT mean 352.2; associated with Capsicum peppers and responsible for their heat, also 

associated with some health benefits and used as a food additive221,222 – various Capsicum 

peppers were represented in our dataset), kaempferol (m/z 287.054, RT mean 214.8; flavonoid 

found in a wide variety of plants like teas, squash, cucumber, berries, medicinal plants, etc.223 – 

these plants were present in our samples), amygdalin (m/z 475.192; RT mean 136.2; found in 

many plants, but most commonly associated with apples, peaches, and almonds224,225), and 

pinocembrin (m/z 257.08; RT mean 362.4; flavonoid detected in many plant types, such as fruits, 

spices, flowers, teas, etc.226 Also detected in honey227 – fruits, spices, flowers, teas, and honey 

were all present in the data). These annotations and their high-quality matches to the library 

references (level two MSI annotation41) indicate the untargeted metabolite extraction and LC-

MS/MS analysis successfully recovered plant-associated molecules from these samples.  
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Inspecting molecular networks generated from these annotations also reveal region-based 

differences in metabolite feature abundances. For example, capsaicin was notably enriched in 

Mexico samples (Figure 4.3A), whereas catechin (m/z 291.086; RT mean 170.4; found in plants, 

especially teas and cocoa228,229 – teas and cocoa were represented in our data) was highly 

abundant in Belize and New Mexico plants in one sub-network and enriched in Belize and 

Mexico plants in a second sub-network (Figure 4.3. Network analyses also illustrated a 

heightened caffeine abundance in Southern Belize plants (Figure 4.3C) and enrichment of 

hordenine (m/z 194.118; RT mean 174; found in several plant types, particularly associated with 

algae and cacti230 – multiple cacti species were part of Mexico and New Mexico sample sets) in 

Mexico and New Mexico plants (Figure 4.3D), to name a few. Together, these molecular 

network-derived results reinforce the efficacy of the extraction and analysis methods. 

Additionally, examining the sub-networks of these plant-associated molecules reveals 

unannotated compounds with some chemical and/or structural similarity to the detected 

compound (level 3 annotation according to the MSI41). Further work is needed to dig into these 

molecular networks, especially with regards to the unannotated compounds detected within. 

Another approach would be to explore how identical plants collected from different regions 

might exhibit similar or dissimilar molecular networks, shedding light on molecular adaptations 

to their specific regions. Nonetheless, these molecular networks reflect novel patterns of plant 

molecular composition. 



88 

 

  

Figure 4.3: Molecular networks highlight region-based abundances of plant chemical 

compounds. 

Nodes represent metabolites structurally related to a, capsaicin ; b, catechin (m/z 291.086; RT 

mean 170.4); c, caffeine (m/z 195.024; RT mean 144.6); and d, hordenine (m/z 194.118; RT 

mean 174). Metabolite nodes are depicted as pie charts colored by abundance of that metabolite 
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feature in each region – Green: New Mexico; Orange: Mexico; and Blue: Southern Belize. 

Legend from a applies to b-d. Grey square nodes without pie charts represent metabolite 

features with unknown identity. Grey lines (edges) reflect similarity between nodes. 

 

While targeted biomarker approaches are commonly used to link degraded archaeological 

residues to raw plant material, our untargeted metabolome data offers the chance to explore 

untargeted biomarker-like profiles of plant types as a technique for diagnosing specific plants 

from ancient residues. For example, detecting plant metabolites unique to cacao varieties can add 

confidence at identifying the archaeological residue as cacao. Rather than relying on a specific 

biomarker (or group of biomarkers) from targeted metabolomic analyses, these untargeted 

profiles contain annotations and unknown molecules with spectral similarity to the known 

annotations, allowing these plant identifications to be determined by a variety of detected 

molecules. In this spirit, three untargeted biomarker-like profiles of plant types common to 

residue analysis literature were created: chiles, maize, and cacao. Unique features from these 

plant types were identified by inspecting molecular networks and filtering out metabolite features 

that were uniquely detected in these plant types. Once these unique lists were created, each list 

was subset to only contain annotations with a mass difference of 0 to the GNPS45 library 

reference, indicating a level two annotation according to the MSI41, and any unknown molecules 

exhibiting spectral similarity to these annotations, indicating a level three annotation according 

to the MSI41. In total, 18 unique annotations met these criteria in the cacao plants (plus 577 

unknown features with spectral similarity), 76 annotations were unique to maize plants (plus 

1,322 unknown features with spectral similarity), and 136 annotations were unique to chiles 

(plus 6,333 unknown features with spectral similarity). Annotations included caffeine (m/z 

195.023, RT mean 126.96, found in cacao), zeatin riboside (m/z 352.161, RT mean 139.72, 
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found in maize), and quercetin (m/z 303.049, RT mean 229.42, found in chiles). Importantly, 

some of these unique metabolite features represent known biomarkers common to standard 

targeted biomarker analyses, such as theobromine (m/z 361.136, RT mean 56.64) being unique to 

cacao and capsaicin being unique to chiles. The presence of these known biomarkers within the 

untargeted biomarker-like profiles demonstrates the utility of these untargeted approaches for 

helping match molecules preserved in residues to the raw plant material. While further work is 

needed to fully explore these molecules and their abundances within the plant data, especially 

through using chemical standards, these untargeted biomarker-like profiles can help match 

residues to the assumed plant material. These lists will be included when the data are made 

publicly available. 

Our untargeted metabolite extraction method successfully recovered plant compounds 

expected from these data, but there are opportunities to further optimize the protocol. For 

instance, one Qiagen steel bead was placed in each sample tube for homogenizing the plant 

material. However, certain plants, like beans, were tougher to break apart than others. Effective 

homogenization helps improve metabolite recovery97 – adding a second steel bead for tougher 

plant samples could assist the homogenization. Homogenization can also be improved by 

modifying the Tissuelyzer settings, like increasing the homogenization time length or boosting 

the shaking frequency. Additionally, all samples underwent a 24-hour soak period with 

extraction solvents, and this solvent was placed in a separate tube once the 24-hour soak was 

completed. Rather than removing these ‘soaked’ supernatants, incorporating them in the 

metabolite extraction and LC-MS/MS analysis might improve annotation rates since the 

supernatant likely contains detectable molecules. Furthermore, increasing the amount of time for 

the soaking period would allow more time for the solvents to permeate sample material and 
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assist with metabolite extraction, especially if the supernatant is then used for LC-MS/MS 

analysis. Other potential areas for improving this protocol include a longer runtime gradient to 

increase LC separation time, modifying extraction and/or resuspension solvents, and grinding up 

samples during original aliquoting.  

4.5 CONCLUSIONS 

This dataset represents a series of plant and dietary material relevant to archaeological 

communities from three different regions of the Americas. By nature, archaeological residues are 

degraded through taphonomic processes before sampling even occurs and the molecular contents 

of these degraded residues are associated with raw, unprocessed organic material like plants. 

However, these residue-plant associations are complicated by a lack of authentic, unprocessed 

plant material as a reference. This untargeted metabolomic dataset of archaeologically-relevant 

plants allows direct comparisons between degraded archaeological residues and associated raw, 

unprocessed plants; it provides wide ranges of plant-derived molecules from known sources as 

reference samples. By making our data available on popular MS platforms like GNPS45 and 

Metabolomics Workbench107, we want to enable other residue analysis researchers to use these 

data for comparing against archaeological residues. Ideally, using raw plant/diet material as part 

of a residue reference database should improve the number and quality of annotations. 

Publishing these data is our primary goal with this project, and we plan to create panels 

customized to residue analyses with archaeologists. We also will expand the dataset by including 

plants from other regions, especially those native to the Africa, Asia, and Europe, as well as 

processed food materials. This exploration of processed food’s chemistry is particularly 

important considering ancient residues simply report the molecule, or molecules, of interest was 

exposed to the archaeological sample at some point in time; it is a small component of the 
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vessel’s longer lifespan and exposures to different foods. Extending the data to contain processed 

foods, food mixtures, and processed food mixtures offers chances to explore the varieties of 

organic residues and the ways they reflect past human behavior. However, creating untargeted 

metabolome data of raw, unprocessed plant material represents a necessary first step to deeper 

investigations of ancient dietary recipes, food preparation/processing techniques, and food 

chemistry in the past. As residue analysis methods and data improve with the increased adoption 

of high-quality reference samples, researchers can begin exploring deeper and more complex 

questions about molecular taphonomy, foodway variations over time and space, and past human 

behavior. 
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CHAPTER 5 - CONCLUSIONS 

 The research discussed in this dissertation represents various ways of applying MS-based 

metabolomics to address anthropological questions. MS-based metabolomics offers a unique lens 

into the intersection of human biology with the environment, including how unique lifestyles and 

their consequences can be gleaned down to a molecular level. With an anthropological context, 

these chapters highlight specific MS-based metabolomic investigations into aspects of human 

biology and behavior, both in the present and the past. 

 Chapter Two, “Untargeted Fecal Metabolomic Analyses across an Industrialization 

Gradient Reveal Shared Metabolites and Impact of Industrialization on Fecal Microbiome-

Metabolome Interactions”, provides a novel examination of human fecal metabolomes with a 

focus on representing variations of human lifestyles, industrialization influence, and geographic 

origins. By analyzing fecal metabolomes of humans, from western industrialized peoples to 

traditional hunter-gatherers in the Amazon, we identified metabolomic consequences of different 

human lifestyles. Specific molecules like urobilin and leucocholic acid illustrate these behavior-

biology relationships. Moreover, this research presented new evidence of a shared human fecal 

metabolome present in major human groups. Incorporating microbial data enabled investigations 

into how this shared metabolome co-occurs with specific gut microbes like multiple Sporobacter 

species. Together, this chapter detailed the core chemistry of the human gut as it interacts with 

our unique behaviors while also demonstrating evidence of our shared humanity down to a 

chemical level. 

 Chapter Three, “Untargeted Mass Spectrometry-Based Metabolomics Reveals Responses 

to High Fiber Whole-Food Diets and Microbiome Composition in Mice“, took a different 

approach from traditional anthropological studies by investigating metabolomic mechanisms 
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associated with diet-induced microbial changes. This project studied how three transplanted 

microbiome communities responded to legume, vegetable, and whole grain diets by focusing on 

cecum and serum metabolites modulated by these microbial communities. Specific donor, diet, 

and donor-diet patterns were gleaned, as evident by the whole grain diet exhibiting the greatest 

number of unique metabolites across both metabolomes. Meanwhile, the effects of microbiome 

donor communities on the number of unique metabolite features were more mixed. Unique 

cecum metabolite features influenced by microbiome donor were varied by diet, but donor 

effects on the serum metabolome were muted overall. Specific molecule classes like 

triterpenoids were varyingly influenced by diet and microbiome community, illustrating potential 

mechanisms for microbial and dietary activity on these metabolomes. Through using mice as a 

controlled, systematic research environment, these data show new approaches for exploring 

personalized health responses to diets. 

 Chapter Four, “Mass Spectrometry Database of Archaeologically Relevant Plants 

for Organic Residue Analysis”, shifted focus to ancient molecules through developing new 

methods and novel data for archaeological organic residue analysis. In this project, plant samples 

from different regions significant to archaeologists were analyzed using similar techniques as 

seen in the previous biology-focused chapters. These plant metabolomes were characterized to 

provide broad chemical profiles of these plants for archaeologists to reference when doing 

residue analysis. These data will be made publicly available on a variety of MS databases, but 

preliminary investigations highlighted common plant-associated molecules, like capsaicin, 

caffeine, and hordenine, were present in the data. These patterns demonstrate the efficacy of the 

extraction/analytical methods and reveal differential abundances based on region. Once 

forthcoming analyses are concluded and the data are publicly accessible, deeper patterns can be 
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explored, such as molecular expressions of plant adaptations to their region and molecular 

taphonomy. Overall, the use of these plant data could elevate the number and quality of 

annotations detected in plant-based archaeological residues. 

 Taken together, these three chapters present varied research projects using MS-based 

metabolomics in anthropological contexts. MS-based metabolomics approaches not only provide 

unique perspectives into the molecular dimensions to human health and biology, but such 

approaches are uniquely poised to explore the intersection of human health and biology with 

lifestyle, behavior, and the environment. However, it is important to note that much work 

remains to integrate MS-based metabolomics approaches with anthropology, especially in 

ancient contexts. Since molecular taphonomy and preservation is still poorly understood, there is 

a significant need to develop untargeted MS methods for investigating ancient molecules. 

Nevertheless, MS-based metabolomics is recognized as increasingly important in biological and 

health contexts. Understanding the whole of human biology, health, and their connections to 

lifestyles, both in the past and the present, requires MS-based metabolomics to highlight the 

molecularly-informed answers to these questions. Ultimately, this dissertation represents the 

wealth of information that MS-based metabolomics offers to anthropology. 
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Supplementary Figures 2.1-2.4 
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Figure S2.1: Non-gap-filled analyses report an industrialization gradient. 

Derived from where n=90 (Norman n=18, Guayabo n=12, Tambo de Mora n=14, Boulkiemdé 

n=11, Tunapuco n=24, and Matses n=11). a, Metabolic feature overlap across study 

populations in non-gap-filled data. b, UpSet plot of non-gap-filled data displays strong overlap 

between all samples. c, Principal coordinate analysis plot derived from Canberra distances of 

non-gap-filled data exhibits an industrialization gradient, indicating this pattern is not an 

artifact of data processing procedures. Samples are colored by industrialization category and 

shape-coded by population. Population samples stored in freezer within one day of collection 

(Norman and Boulkiemdé) are increased in size compared to samples stored within four days of 

collection. 

  



118 

 

 



119 

 



120 

 

  



121 

 

  



122 

 

Figure S2.2: Normalized abundances of metabolite features associated with industrialization 

group differences.  

All boxplots are derived from gap-filled analyses. Boxplot axis numbers represent different 

industrialization groups: 1=urban industrial, 2=rural industrial, 3=rural traditional, 4=isolated 

traditional. Color key applies for figures a-ap. a-ad, top 30 differential metabolite features based 

on industrialization group identified by RandomForest. a, m/z 145.134, RT 0.32 min; b, m/z 

145.134, RT 0.32 min; c, m/z 145.1340, RT 0.36 min; d, m/z 235.166, RT 0.25 min; e, m/z 

246.186, RT 3.27 min, annotation: leu-leu; f, m/z 276.108, RT 4.41 min, annotation: N-acetyl-D-

glucosamine; g, m/z 276.108, RT 0.42 min, annotation: N-acetylmuramic acid; h, m/z 286.176, 

RT 1.41 min, annotation: ile-pro; i, m/z 286.176, RT 1.677 min, annotation: phe-pro; j, m/z 

305.186, RT 3.74 min; k, m/z 332.074, RT 0.36 min; l, m/z 363.211, RT 1.02; m, m/z 363.213, RT 

0.87 min; n, m/z 365.192, RT 0.51 min; o, m/z 379.295, RT 4.8 min; p, m/z 379.296, RT 4.82 

min; q, m/z 379.296, RT 4.8 min; r, m/z 379.297, RT 4.81 min; s, m/z 398.342, RT 4.76 min; t, 

m/z 398.342, RT 4.82 min; u, m/z 398.342, RT 4.84 min; v, m/z 398.345, RT 4.81 min; w, m/z 

400.358, RT 4.83 min, annotation: uvaol; x, m/z 414.335, RT 4.49 min; y, m/z 414.337, RT 4.43 

min; z, m/z 414.337, RT 4.38 min; aa, m/z 414.337, RT 4.43 min; ab, m/z 591.318, RT 4.52 min, 

annotation: urobilin; ac, m/z 593.333, RT 4.98 min; ad, m/z 597.37, RT 5.31 min. ae-ap, amino 

acid-conjugated bile acids by industrialization group. ae, leucocholic acid (Kruskal-Wallis 

p=1.69e-7); af, tyrosocholic acid (Kruskal-Wallis p=7.71e-3); ag, glutamate-conjugated 

chenodeoxycholic acid (Kruskal-Wallis p=1.69e-7); ah, tryptophan-conjugated 

chenodeoxycholic acid (Kruskal-Wallis p=4.9e-7); ai, aspartate-conjugated chenodeoxycholic 

acid (Kruskal-Wallis p=1.13e-5); aj, histidine-conjugated chenodeoxycholic acid (Kruskal-

Wallis p=6.41e-3); ak, histidine-conjugated cholic acid (Kruskal-Wallis p=0.04); al, leucine-

conjugated chenodeoxycholic acid (Kruskal-Wallis p=0.04); am, tyrosine-conjugated 

deoxycholic acid (Kruskal-Wallis p=1.61e-5). an, aspartate-conjugated cholic acid (Kruskal-

Wallis p=0.05); ao, threonine-conjugated chenodeoxycholic acid (Kruskal-Wallis p=0.4). ap, 

Phenylalanocholic acid (Kruskal-Wallis p=1.904e-6).  
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Figure S2.3: Mirror plots of shared human fecal metabolites. 

Top black spectra represent experimental MS2 for the respective metabolite, while bottom green 

spectra represent library reference MS2 spectra. a, Hypoxanthine; b, Nicotinamide N-oxide; c, 

3-methyl-2-oxindole (3-Methyloxindole); d, Hyocholic acid; e, Gly-Val (Glycylvaline); f, 3-

Hydroxy-4-methoxycinnamic acid (Isoferulic acid); g, Paraxanthine; h, Phe-Pro 

(Phenylalanylproline); i, trans-Ferulic acid; j, Loliolide; k, N-Acetyl-D-mannosamine; l, N-

acetyl-L-Phenylalanine; m, Thr-Pro (Threonylproline); n, Val-Val (Valylvaline); o, Abrine; p, 

Pantothenic acid; q, PyroGlu-Pro (Pyroglutamylproline); r, Ile-Pro (Isoleucylproline); s, Val-Ile 

(Valylisoleucine); t, cis-9-Hexadecenoic acid (Palmitoleic acid); u, Palmitelaidic acid; v, Gly-

Tyr (Glycyltyrosine); w, Biotin; x, Leu-Leu (Leucylleucine); y, Lenticin; z, Val-Met 

(Valylmethionine); aa, Ser-Phe (Serylphenylalanine); ab, L-Saccharopine; ac, Conjugated 

linoleic Acid (10E,12Z); ad, Conjugated linoleic acid (9E,11E); ae, Thr-Phe 

(Threonylphenylalanine); af, Pro-Arg (Prolylarginine); ag, 9-OxoOTrE; ah, Phe-Leu 

(Phenylalanylleucine); ai, Leu-Phe (Leucylphenylalanine); aj, Xanthosine; ak, Arg-Ile 

(Arginylisoleucine); al, N-Tetracosenoyl-4-sphingenine; am, N-Acetylmuramic Acid; an, Tyr-

Leu (Tyrosylleucine); ao, Phe-Met (Phenylalanylmethionine); ap, Ile-Gly-Ile 

(Isoleucylglycylisoleucine); aq, cis-11,14-Eicosadienoic acid; ar, Val-Trp (Valyltryptophan); as, 

Fructoselysine; at, Myristoleic acid; au, N-Palmitoylglycine; av, Ile-Trp (Iseoleucyltryptophan); 

aw, Lithocholic acid; ax, Leucine enkephalin; ay, 13-Docosenamide, (Z)- (Erucamide); az, Phe-

Trp (Phenylalanyltryptophan); ba, Ile-Val-Lys (Isoleucylvalyllysine); bb, 3-Hydroxydodecanoic 
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acid; bc, Cholesterol; bd, 6R)-2-(hydroxymethyl)-6-((3R,5R,7R,8R,9S,10S,12S,13R,14S,17R)-

3,7,12-trihydroxy-10,13-dimethylhexadecahydro-1H-cyclopenta[a]phenanthren-17-yl)heptanoic 

acid; be, Cholic acid; bf, Octadecanamide; bg, (R)-4-((3R,5S,8R,9S,10S,13R,14S,17R)-3-

hydroxy-10,13-dimethyl-7,12-dioxohexadecahydro-1H-cyclopenta[a]phenanthren-17-

yl)pentanoic acid; bh, Glycoursodeoxycholic acid; bi, Oleanolic acid; bj, Glycocholic acid; bk, 

Enoxolone; bl, Bilirubin; bm, Urobilin; bn, Stercobilin; bo, 2-Butanone, 4-(2,6,6-trimethyl-2-

cyclohexen-1-yl).  
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Figure S2.4. Authentic standards validating sample annotations. 

Standards are in black, representative samples are in red, blanks (when displayed) are in green. 

a, Enoxolone; b, N-acetyl-L-phenylalanine; c, trans-Ferulic acid; d, Lithocholic acid; e, 

Paraxanthine; f, L-Abrine; g, 13-Docosenamide, (Z)-; h, Hyocholic acid; i, Lenticin; j, Leucine 

enkephalin; k, L-Saccharopine; l, N-palmitoylglycine; m, Nicotinamide N-oxide. 
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Supplementary Tables 2.1-2.4 

Table S2.1: Metadata for individual samples. 

SampleID Population 
Industrialization 

Category 
Sex Age 

NO01 Norman Urban Industrial M 23 

NO02 Norman Urban Industrial F 37 

NO03 Norman Urban Industrial M 40 

NO04 Norman Urban Industrial M 26 

NO05 Norman Urban Industrial M 28 

NO06 Norman Urban Industrial M 28 

NO07 Norman Urban Industrial F 32 

NO08 Norman Urban Industrial F 32 

NO09 Norman Urban Industrial F 34 

NO10 Norman Urban Industrial M 41 

NO11 Norman Urban Industrial M 26 

NO12 Norman Urban Industrial F 27 

NO13 Norman Urban Industrial M 35 

NO19 Norman Urban Industrial F 32 

NO20 Norman Urban Industrial M 26 

NO21 Norman Urban Industrial M 23 

NO22 Norman Urban Industrial M 26 

NO23 Norman Urban Industrial F 26 

GU1 Guayabo Rural Industrial F 52 

GU2 Guayabo Rural Industrial F 19 

GU4 Guayabo Rural Industrial F 40 

GU6 Guayabo Rural Industrial NA 6 

GU7 Guayabo Rural Industrial NA 9 

GU10 Guayabo Rural Industrial F 58 

GU11 Guayabo Rural Industrial NA 7 

GU12 Guayabo Rural Industrial NA 16 

GU13 Guayabo Rural Industrial F 41 

GU17 Guayabo Rural Industrial F 51 

GU19 Guayabo Rural Industrial F 24 

GU20 Guayabo Rural Industrial F 63 

1TM 
Tambo de 

Mora 
Rural Industrial F 61 
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2TM 
Tambo de 

Mora 
Rural Industrial F 40 

3TM 
Tambo de 

Mora 
Rural Industrial NA 5 

4TM 
Tambo de 

Mora 
Rural Industrial F 40 

6TM 
Tambo de 

Mora 
Rural Industrial F 31 

10TM 
Tambo de 

Mora 
Rural Industrial NA 8 

11TM 
Tambo de 

Mora 
Rural Industrial M 39 

14TM 
Tambo de 

Mora 
Rural Industrial F 77 

16TM 
Tambo de 

Mora 
Rural Industrial F 38 

17TM 
Tambo de 

Mora 
Rural Industrial NA 7 

18TM 
Tambo de 

Mora 
Rural Industrial NA 13 

26TM 
Tambo de 

Mora 
Rural Industrial F 36 

27TM 
Tambo de 

Mora 
Rural Industrial NA 13 

31TM 
Tambo de 

Mora 
Rural Industrial NA 28 

TM10_01 
Burkina 

Faso 
Rural Traditional M 55 

TM13_01 
Burkina 

Faso 
Rural Traditional M 53 

TM23_02 
Burkina 

Faso 
Rural Traditional F 51 

TM01_01 
Burkina 

Faso 
Rural Traditional M 55 

TM09_02 
Burkina 

Faso 
Rural Traditional F 32 

TM11_04 
Burkina 

Faso 
Rural Traditional F 40 

TM17_02 
Burkina 

Faso 
Rural Traditional F 35 
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TM20_03 
Burkina 

Faso 
Rural Traditional F 37 

TM22_03 
Burkina 

Faso 
Rural Traditional M 29 

TM25_03 
Burkina 

Faso 
Rural Traditional F 38 

TM29_01 
Burkina 

Faso 
Rural Traditional M 73 

HCO01 Tunapuco Rural Traditional F 36 

HCO03 Tunapuco Rural Traditional M 6 

HCO09 Tunapuco Rural Traditional NA 13 

HCO10 Tunapuco Rural Traditional M 10 

HCO11 Tunapuco Rural Traditional M 36 

HCO12 Tunapuco Rural Traditional F 35 

HCO13 Tunapuco Rural Traditional F 9 

HCO14 Tunapuco Rural Traditional F 34 

HCO15 Tunapuco Rural Traditional F 63 

HCO16 Tunapuco Rural Traditional NA 11 

HCO17 Tunapuco Rural Traditional F 7 

HCO18 Tunapuco Rural Traditional M 11 

HCO21 Tunapuco Rural Traditional M 10 

HCO41 Tunapuco Rural Traditional NA 54 

HCO53 Tunapuco Rural Traditional F 44 

HCO61 Tunapuco Rural Traditional F 20 

HCO63 Tunapuco Rural Traditional F 6 

HCO66 Tunapuco Rural Traditional M 11 

HCO67 Tunapuco Rural Traditional F 26 

HCO68 Tunapuco Rural Traditional M 7 

HCO69 Tunapuco Rural Traditional NA 9 

HCO70 Tunapuco Rural Traditional F 40 

HCO72 Tunapuco Rural Traditional F 5 

HCO74 Tunapuco Rural Traditional F 36 

SM01 Matses 
Isolated 

Traditional 
M 30 

SM02 Matses 
Isolated 

Traditional 
F 25 

SM03 Matses 
Isolated 

Traditional 
M 10 
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SM10 Matses 
Isolated 

Traditional 
F 6 

SM23 Matses 
Isolated 

Traditional 
M 7 

SM28 Matses 
Isolated 

Traditional 
F 52 

SM29 Matses 
Isolated 

Traditional 
F 50 

SM33 Matses 
Isolated 

Traditional 
F 5 

SM37 Matses 
Isolated 

Traditional 
M 12 

SM39 Matses 
Isolated 

Traditional 
F 40 

SM41 Matses 
Isolated 

Traditional 
M 6 
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Table S2.2: The shared human fecal metabolome.  

Results are derived from both gap-filled and non-gap-filled analyses. All annotations had a mass difference of 0 to library reference. 

Listed m/z and RT values are derived from gap-filled analyses, but all annotations were present in both gap-filled and non-gap-filled 

analyses. Bolded rows represent features detected in all ReDU datasets. For predicted ClassyFire104 classes column, percentages 

represent a chemical classification score reporting the percentage of nodes assigned to the specified chemical class within the 

molecular network cluster. 

Compound 

Name 
m/z 

RT 

(min) 

Cosine 

Score 

Detected 

in 6-

sample 

filtering 

Detected 

in half-

sample 

filtering 

Detected 

in all-

sample 

filtering 

Predicted 

ClassyFire 

Class 

Description 

derived 

from 

PubChem 

and HMDB 

Present in 

Human Fecal 

Metabolome 

Database 

ReDU 

Chemical 

Explorer 

Associations 

Hypoxanthine 137.046 0.39 0.98 Yes Yes No - 

Purine 

derivative 

associated 

with inosine 

and uric acid 

in humans 

Yes 

Found in 

bacterial 

cultures 

(Clostridium 

orbiscindens 

CC43_001K) 

Nicotinamide 

N-oxide 
139.05 0.31 1 Yes No No - 

Precursor to 

nicotinamide

-adenine 

dinucleotide 

(NAD+) in 

animals 

No (found in 

blood) 

Associated 

with 

Staphylococcus 

lugdunensis. 

Found in 

human skin, 

saliva, and 

fecal samples 

3-methyl-2-

oxindole (3-

Methyloxindole

) 

148.076 3.22 0.93 Yes No No 

Indoles and 

derivatives 

(55.56%) 

Endogenous 

product of 3-

methylindole 

No 

Found in 

bacterial 

cultures 

(Gardnerella 

vaginalis and 

Collinsella sp. 

4_8_47FAA) 
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Hyocholic acid 158.154 4.78 0.83 Yes Yes No 

Steroids and 

steroid 

derivatives 

(100%) 

Mammalian 

bile acid 
Yes 

Largely found 

in bacterial 

culture and 

humans 

Gly-Val 

(Glycylvaline) 
175.107 0.36 0.91 Yes Yes Yes - 

Glycine and 

valine 

dipeptide 

Yes 

Found in 

bacterial 

cultures, 

associated with 

Staphylococcus 

aureus. Also 

associated with 

inflammatory 

bowel disease. 

3-Hydroxy-4-

methoxycinna

mic acid 

(Isoferulic 

acid) 

177.055 4.13 0.97 Yes Yes No 

Cinnamic 

acids and 

derivatives 

(9.09%) 

Endogenous 

human 

metabolite; 

Also 

potential 

biomarker 

for coffee, 

wheat, 

sunflowers, 

etc. 

Yes 

Predominantl

y found in 

plant, food 

(such as 

fruits), and 

beverage 

samples. Also 

found in 

human 

caecum and 

fecal samples. 
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2-Butanone, 4-

(2,6,6-

trimethyl-2-

cyclohexen-1-

yl) 

177.164 3.15 0.83 Yes No No - 

Also known 

as 

3α,7α,12α-

trihydroxyc

holestanoic 

acid 

(THCA); 

Intermediat

e bile acid 

associated 

with 

metabolic 

disorders  

No 

Predominantl

y found in 

plant samples 

(Cucumis 

melo), 

bacterial 

culture 

(Bacteroides 

dorei; 

Propionibacter

ium acnes), 

and fungal 

cultures. 

Paraxanthine 181.072 0.81 0.94 Yes Yes No 

Imidazopyri

midines 

(21.74%) 

Primary 

metabolite of 

caffeine; 

Found in 

animals and 

some bacteria 

Yes 

Not in 

Chemical 

Explorer 

trans-Ferulic 

acid 
195.065 3.01 0.91 Yes Yes No 

Cinnamic 

acids and 

derivatives 

(9.09%) 

Abundant in 

plant cell 

walls 

Yes 

Predominantly 

found in plant, 

food, and 

beverage 

samples. Also 

found in 

human fecal 

and caecum 

samples.  

Loliolide 197.117 3.11 0.94 Yes Yes No 
Benzofurans 

(13.79%) 

Plant 

metabolite 
No 

Found in 

environmental 

and plant 
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samples 

(Cucumis 

melo) 

3-

Hydroxydodeca

noic acid 

199.169 5.35 0.99 Yes Yes No 
Lactones 

(20%) 

Medium-

chain fatty 

acid  

Yes 

Found in 

environmental 

samples, plant 

samples, and 

some human 

feces 

N-Acetyl-D-

mannosamine 
204.087 3.27 0.91 Yes No No - 

Bacterial 

metabolite; 

Precursor to 

N-

acetylmannos

amine 

Yes 

Found in a 

fungal culture 

(species not 

specified) 

N-acetyl-L-

Phenylalanine 
208.097 2.84 0.95 Yes Yes No 

Carboxylic 

acids and 

derivatives 

(10.39%) 

Metabolite of 

phenylalanin

e; Frequently 

found in 

urine of 

humans with 

phenylketonu

ria 

Yes 

Found in 

bacterial 

(Fusobacteriu

m ulcerans 12-

1B, Sutterella 

wadsworthensi

s HGA0223, 

etc.) and some 

fungal cultures 
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Thr-Pro 

(Threonylprolin

e) 

217.122 0.46 0.96 Yes Yes No - 

Threonine 

and proline 

dipeptide 

No 

Found in 

bacterial 

culture, fungal 

culture, and 

animal samples 

(e.g., mice, 

rats, humans, 

etc.). Found in 

human fecal 

samples. 

Associated 

with 

inflammatory 

bowel disease 

samples. Also 

associated with 

Staphylococcus 

aureus. 

Val-Val 

(Valylvaline) 
217.155 0.45 0.97 Yes Yes Yes 

Carboxylic 

acids and 

derivatives 

(12.86%) 

Valine and 

valine 

dipeptide 

Yes 

Found in 

fungal cultures 

and human 

fecal samples. 

Abrine 219.113 0.60 0.88 Yes Yes No - 

Associated 

with 

Escherichia 

coli 

metabolism 

No 

Found in food, 

beverage, 

plant, animal, 

fungal culture, 

and bacterial 

culture 

samples. Also 

found in 

human 

digestive tract, 

fecal, heart, 
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caecum, skin, 

and blood 

samples. Found 

equally in 

human rural 

and urban 

samples. 

Associated 

with many 

different 

bacterial 

species (e.g., 

Parabacteroide

s goldsteinii 

CC87F, 

Prevotella 

nigrescens 

CC14M, 

Bifidobacteriu

m longum, etc.) 

Pantothenic 

acid 
220.118 0.56 0.81 Yes No No - 

Also called 

Vitamin B5; 

essential 

metabolite 

for 

carbohydrat

e, protein, 

and fat 

synthesis 

Yes 

Found in 

animal 

(human, 

mouse, rat, 

etc.) and 

environmental 

samples.  
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PyroGlu-Pro 

(Pyroglutamylp

roline) 

227.103 0.44 0.86 Yes Yes Yes - 

No 

information 

provided 

No 

Predominantly 

found in 

bacterial 

cultures 

(Prevotella 

nigrescens, 

Bacteroides 

stercoris 

CC31F, etc.), 

plant, and 

human fecal 

samples 

Myristoleic acid 227.201 5.94 0.94 Yes Yes Yes - 

Long-chain 

fatty acid 

found in all 

eukaryotes; 

Potential 

biomarker for 

some dairy 

products and 

other food 

(anchovies, 

Yes 

Predominantly 

found in 

environmental 

samples, such 

as soil. 



185 

 

dates, 

sunflowers, 

chocolate, 

etc.) 

Ile-Pro 

(Isoleucylprolin

e) 

229.155 0.7 0.98 Yes No No - 

Isoleucine 

and Proline 

dipeptide 

No (found in 

blood and 

sweat) 

Predominantly 

found in 

bacterial (e.g., 

Prevotella 

denticola; 

Bacteroides 

stercoris; 

Parabacteroide

s johnsonii, 

etc.) and fungal 

cultures 

Val-Ile 

(Valylisoleucin

e) 

231.171 2.82 0.88 Yes Yes Yes - 

Valine and 

Isoleucine 

dipeptide 

Yes 
Found in 

fungal cultures 

cis-9-

Hexadecenoic 

acid 

(Palmitoleic 

acid) 

237.221 6.49 0.97 Yes Yes Yes - 
Unsaturated 

fatty acid 
Yes 

Predominantl

y found in soil 

samples 

Gly-Tyr 

(Glycyltyrosine

) 

239.102 0.44 0.95 Yes Yes No - 

Glycine and 

tyrosine 

dipeptide 

Yes 

Found in 

bacterial 

cultures (e.g., 

Parvimonas 

micra, 

Fusobacterium 
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nucleatum, 

etc.) 

Biotin 245.098 2.39 0.87 Yes No No 

Biotin and 

derivatives 

(16.67%) 

Also called 

vitamin H; 

essential 

human 

metabolite 

Yes 

Found in 

environmental, 

animal, and 

bacterial 

culture (e.g., 

Escherichia 

coli, 

Staphylococcus 

aureus, etc.) 

samples. Also 

found in 

human nasal 

cavity, skin, 

and saliva 

samples.  
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Leu-Leu 

(Leucylleucine) 
245.186 2.40 0.98 Yes Yes Yes 

Carboxylic 

acids and 

derivatives 

(12.86%) 

Leucine and 

leucine 

dipeptide 

Yes 

Predominantly 

found in 

bacterial 

cultures 

(Bacteroides 

stercoris 

CC31F, 

Clostridium 

cadaveris 

CC44_001G, 

etc.) and fungal 

cultures  (not 

specified). 

Also found in 

human fecal 

samples. 

Lenticin 247.145 1.22 0.98 Yes No No - 

Found in 

lentil 

extracts; 

Possible 

lentil 

biomarker 

Yes 

Found in food, 

animal, and 

bacterial 

culture samples 

(e.g., 

Staphylococcus 

aureus). Also 

found in 

human urine, 

milk, blood, 

and saliva 

samples.  
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Val-Met 

(Valylmethioni

ne) 

249.126 0.56 0.95 Yes Yes No - 

Valine and 

Methionine 

dipeptide 

Yes 

Not in 

Chemical 

Explorer 

Ser-Phe 

(Serylphenylala

nine) 

253.118 0.79 0.93 Yes Yes Yes - 

Serine and 

phenylalanin

e dipeptide 

Yes 

Found in 

fungal cultures, 

bacterial 

cultures 

(Bacteroides 

stercoris 

CC31F, 

Clostridium 

cadaveris 

CC88A, etc.) 

and human 

fecal samples 

Palmitelaidic 

acid 
255.232 5.96 0.92 Yes No No - 

Trans fatty 

acid 
Yes 

Found in 

human colon, 

upper 

digestive tract, 

liver, and 

fecal samples. 

Also found in 

soil samples. 
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L-Saccharopine 259.129 0.31 0.78 Yes Yes No - 

Involved in 

lysine 

degradation 

Yes 

Found in 

bacterial 

culture 

(Staphylococcu

s aureus JE3) 

and fungal 

cultures (not 

specified) 

Phe-Pro 

(Phenylalanylpr

oline) 

263.139 2.57 0.99 Yes Yes Yes - 

Phenylalanin

e and Proline 

dipeptide 

Yes 

Predominantly 

found in 

bacterial 

cultures 

(Bacteroides 

dorei 

CL03T12C01, 

Prevotella 

histicola, 

Parabacteroide

s goldsteinii 

CC87F, etc.) 

and some 

fungal cultures 

Conjugated 

linoleic Acid 

(10E,12Z) 

263.237 7.52 0.85 Yes Yes No 
Prenol lipids 

(5.36%) 

Variation of 

conjugated 

linoleic acid; 

Found in 

meat dairy 

products of 

ruminants; 

Dietary 

supplement 

No 

Found in 

human 

digestive tract, 

liver, colon, 

and feces. 

Also found in 

environmental 

and fungal 

samples. 
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Conjugated 

linoleic acid 

(9E,11E) 

263.237 6.68 0.92 Yes Yes Yes 
Prenol lipids 

(5.36%) 

Variation of 

conjugated 

linoleic acid; 

Found in 

meat dairy 

products of 

ruminants; 

Dietary 

supplement 

No (found in 

blood) 

Found in 

environmental 

samples and 

fungal cultures. 

Also found in 

human upper 

digestive tract, 

liver, and 

feces. 

Thr-Phe 

(Threonylpheny

lalanine) 

267.134 0.48 0.94 Yes Yes Yes - 

Threonine 

and 

Phenylalanin

e dipeptide 

Yes 
Found in 

fungal cultures 

Pro-Arg 

(Prolylarginine) 
272.171 0.32 0.72 Yes No No - 

Proline and 

arginine 

dipeptide 

No 

Found in a 

fungal culture 

(species not 

specified) 

9-OxoOTrE 275.201 4.42 0.8 Yes Yes No - 
Long-chain 

fatty acid 
No 

Found in 

fungal cultures 

and plant 

samples (Zea 

mays L. and 

Cucumis melo) 
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Phe-Leu 

(Phenylalanylle

ucine) 

279.171 2.59 0.99 Yes Yes Yes 

Carboxylic 

acids and 

derivatives 

(12.86%) 

Phenylalanin

e and leucine 

dipeptide 

No 

Found in 

human upper 

digestive tract, 

colon, and 

fecal samples. 

Also found in 

bacterial 

cultures 

(Parabacteroid

es goldsteinii 

CC87F, 

Prevotella 

nigrescens 

CC14M, etc.) 

and fungal 

cultures (not 

specified) 

Leu-Phe 

(Leucylphenylal

anine) 

279.171 3.47 0.98 Yes Yes Yes - 

Leucine and 

phenylalanin

e dipeptide 

Yes 

Found in 

animal, fungal 

culture, and 

bacterial 

culture (e.g., 

Bacteroides 

dorei, 

Staphylococcus 

aureus, 

Propionibacter

ium 

acidifaciens, 

etc.) samples. 

Also found in 

human 

intestinal, 
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vaginal, and 

fecal samples  

N-

Tetracosenoyl-

4-sphingenine 

282.279 6.09 0.95 Yes Yes No 
Fatty Acyls 

(11.54%) 

Ceramide 

associated 

with cell 

physiology 

and some 

human 

pathologies  

Yes 

Not in 

Chemical 

Explorer 

Octadecanamid

e 
284.295 8.55 0.77 Yes No No - 

Metabolite 

derived from 

stearic acid, 

found in 

plant and 

animal fats 

Yes 

Found in 

environmental 

and plant 

samples 

Xanthosine 285.083 0.40 0.9 Yes Yes No - 
Purine 

nucleoside 
Yes 

Found in built 

environment, 

animal, and 

bacterial 

culture 

samples. 

Arg-Ile 

(Arginylisoleuci

ne) 

288.203 0.36 0.96 Yes Yes No - 

Arginine and 

isoleucine 

dipeptide 

Yes 

Found in food 

and animal 

samples. Also 

found in 

human 

stomach, 

saliva, spleen, 

and fecal 

samples. 
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cis-11,14-

Eicosadienoic 

acid 

291.268 5.54 0.79 Yes No No 
Prenol lipids 

(5.36%) 

Omega-6 

fatty acid 

found in 

human milk 

Yes 

Found in 

bacterial 

culture 

(Propionibacte

rium acnes) 

and plant 

samples 

N-

Acetylmuramic 

Acid 

294.119 0.38 0.84 Yes Yes Yes 

Carboxylic 

acids and 

derivatives 

(4.08%) 

Component 

of bacterial 

cell walls 

Yes 

Found in 

animal 

samples. In 

humans, found 

in caecum and 

fecal samples. 

Tyr-Leu 

(Tyrosylleucin

e) 

295.165 2.71 0.97 Yes Yes Yes 

Carboxylic 

acids and 

derivatives 

(31.25%) 

Tyrosyl and 

leucine 

dipeptide 

Yes 

Found in 

fungal and 

bacterial 

cultures 

(Prevotella 

nigrescens 

CC14M). Also 

found in 

human feces 
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Phe-Met 

(Phenylalanylm

ethionine) 

297.126 2.18 0.93 Yes Yes No - 

Phenylalanin

e and 

methionine 

dipeptide 

Yes 

Found in 

bacterial 

cultures 

(Bacteroides 

stercoris 

CC31F, 

Prevotella 

bivia, etc.). 

Ile-Gly-Ile 

(Isoleucylglycyl

isoleucine) 

302.205 3.04 0.94 Yes Yes No - 

Isoleucine, 

glycine, and 

isoleucine 

tripeptide 

No 

Found in 

animal and 

bacterial 

culture samples 

(Staphylococcu

s aureus, 

Bacteroides 

dorei, 

Bacteroides 

stercoris, etc.). 

Also found in 

human samples 

collected from 

different body 

parts 

(duodenum, 

jejunum, urine, 

ileum, colon, 

saliva, 

stomach, fecal, 

etc.) 
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Val-Trp 

(Valyltryptopha

n) 

304.167 3.02 0.97 Yes Yes No - 

Valine and 

tryptophan 

dipeptide 

Yes 

Found in 

fungal culture, 

food, and 

animal 

samples. Also 

found in 

human 

jejunum, 

stomach, 

duodenum, 

vagina, spleen, 

ileum, and 

fecal samples 

Fructoselysine 309.164 0.31 0.85 Yes No No 

Carboxylic 

acids and 

derivatives 

(4.08%) 

Potential 

biomarker for 

milk and 

milk products 

No (found in 

blood) 

Found in 

animal 

samples. Small 

percentage also 

found in food 

samples. Found 

in human 

jejunum, 

kidney, ileum, 

fecal, and 

blood samples 

N-

Palmitoylglycin

e 

314.27 7.34 0.86 Yes No No - 

Human 

metabolite 

with fatty 

acid group 

No 

Found in 

environmental 

and animal 

samples.  



196 

 

Ile-Trp 

(Iseoleucyltrypt

ophan) 

318.167 2.27 0.97 Yes Yes Yes - 

Isoleucine 

and 

tryptophan 

dipeptide 

Yes 

Found in 

bacterial 

cultures 

(Bacteroides 

stercoris 

CC31F, 

Selenomonas 

noxia, etc.). 

Small 

percentage also 

in animal and 

fungal cultures. 

Also found in 

human 

intestinal 

samples 

Lithocholic 

acid 
323.273 6.84 0.97 Yes Yes Yes 

Prenol lipids 

(11.11%) 

Secondary 

bile acid 
Yes 

Found in 

human feces. 

Leucine 

enkephalin 
336.192 3.22 0.77 Yes Yes Yes - 

Enkephalin 

peptide; 

Produced in 

brain 

No (found in 

blood) 

Found in 

bacterial 

cultures 

(Parabacteroid

es goldsteinii 

CC87F, 

Parabacteroide

s merdae, etc.) 
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13-

Docosenamide, 

(Z)- 

(Erucamide) 

338.342 9.19 0.83 Yes Yes Yes - Fatty amide No 

Found in 

human colon, 

upper digestive 

tract, liver, and 

fecal samples. 

Also found in 

bacterial 

cultures 

(Peptostreptoc

occus sp. 

CC14N, 

Bifidobacteriu

m longum 

subsp. longum 

44B, etc.) and 

fungal cultures 

Phe-Trp 

(Phenylalanyltr

yptophan) 

352.166 3.28 0.96 Yes Yes No - 

Phenylalanin

e and 

tryptophan 

dipeptide 

Yes 

Found in 

fungal cultures 

(species not 

specified) 

Ile-Val-Lys 

(Isoleucylvalyll

ysine) 

359.266 0.60 0.91 Yes Yes Yes - 

Isoleucine, 

valine, and 

lysine 

tripeptide 

No 

Found in 

animal and 

bacterial 

culture 

samples. Also 

found in 

human 

jejunum, 

duodenum, 

ileum, caecum, 

colon, vaginal, 

and fecal 

samples 
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Cholesterol 369.352 10.50 0.97 Yes Yes Yes - 

Animal 

sterol from 

body tissues 

and plasma 

Yes 

Found in 

plant and 

environmental 

samples. 

(R)-4-

((3R,5S,8R,9S,

10S,13R,14S,17

R)-3-hydroxy-

10,13-

dimethyl-7,12-

dioxohexadeca

hydro-1H-

cyclopenta[a]p

henanthren-

17-

yl)pentanoic 

acid 

405.264 4.81 0.92 Yes Yes No 

Steroids and 

steroid 

derivatives 

(46.15%) 

NA No 

Predominantl

y found in 

bacterial 

cultures 

(Bacteroides 

caccae, 

Bacteroides 

ovatus,Clostrid

ium 

orbiscindens, 

etc.). Also 

found in 

mouse and 

human 

digestive tract 

and fecal 

samples. 

Glycoursodeox

ycholic acid 
414.301 5.01 0.9 Yes Yes No 

Steroids and 

steroid 

derivatives 

(36.71%) 

Secondary 

bile acid 
Yes 

Found in 

animal 

samples (rats 

and humans). 

Also found in 

human blood 

plasma, blood 

serum, urine, 

skin, and fecal 

samples.  
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Cholic acid 426.318 5.19 0.98 Yes Yes Yes 

Steroids and 

steroid 

derivatives 

(8%) 

Bile acid 

produced in 

liver 

Yes 

Found in 

human GI 

tract and 

feces. 

Associated 

with urban 

samples. Also 

found in 

bacterial 

cultures  

6R)-2-

(hydroxymethyl

)-6-

((3R,5R,7R,8R,

9S,10S,12S,13R

,14S,17R)-

3,7,12-

trihydroxy-

10,13-

dimethylhexade

cahydro-1H-

cyclopenta[a]ph

enanthren-17-

yl)heptanoic 

acid 

431.318 5.25 0.86 Yes Yes No 

Steroids and 

steroid 

derivatives 

(6.12%) 

NA No 

Found in 

human feces 

(<18 years old) 
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Oleanolic acid 439.359 7.62 0.92 Yes No No - 
Plant 

metabolite 
Yes 

Found in 

fungal culture, 

food, plant, 

environment, 

and beverage 

samples. In 

humans, found 

in caecum and 

fecal samples. 

Glycocholic 

acid 
466.32 4.69 0.96 Yes Yes No 

Steroids and 

steroid 

derivatives 

(13.04%) 

Secondary 

bile acid 
Yes 

Found in 

bacterial 

culture (e.g., 

Enterococcus 

faecium, 

Prevotella 

oralis, etc.) 

and food 

samples. In 

humans, 

found in 

urine, 

jejunum, 

digestive tract, 

and fecal 

samples. 
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Enoxolone 471.347 6.92 0.86 Yes No No - 

Derived 

from plant 

metabolite; 

Commonly 

used as 

artificial 

sweetener 

No (found in 

blood) 

Found in 

human feces 

(largely 

individuals 

<18 years) 

and fungal 

cultures 

Bilirubin 585.272 8.90 0.95 Yes Yes No - 

Bile pigment 

produced 

during heme 

breakdown 

Yes 

Found in 

upper 

digestive tract 

and feces of 

humans. 

Urobilin 591.318 4.07 0.96 Yes Yes Yes - 

Responsible 

for yellow 

coloring of 

urine 

Yes 

Found in 

urban human 

colon and 

fecal samples. 

Stercobilin 595.349 4.05 0.94 Yes Yes No 

Tetrapyrrol

es and 

derivatives 

(53.85%) 

Responsible 

for brown 

coloring of 

feces 

Not available 

Found in 

human fecal 

samples. 
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Table S2.3: Metabolite searches from MASST and ReDU co-analysis with all available human fecal samples. 

MASST results contain total dataset matches and common recurring sample type matches, such as mouse, rat, environment, etc. 

Approximate counts for dataset types, such as plants, are indicated by “~”, For ReDU All Human Fecal Sample Search, n=5,556 (our 

90 samples + 5,466 ReDU fecal samples). Matched bacterial species names were provided if the bacterial species appeared once in 

the matches, and otherwise, only genus name was recorded (e.g., Streptomyces means multiple Streptomyces matches occurred for 

that metabolite). “NA” values represent no results. Matched MASST dataset titles included study name as listed in GNPS, with cited 

publications (if available). 

Compound Name m/z 
RT 

(min) 

MASST 

Results 

Common 

MASST 

Bacterial 

matches 

Common 

MASST 

dataset 

matches 

MASST Link 

Present in ReDU 

All Human Fecal 

Sample Search 

Hypoxanthine 137.046 0.39 

5 dataset 

matches; 1 

human, 4 

mouse 

NA NA 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=4

a2ea5870d2e462

2a5b90e4edfca3f

17 

Present 

Nicotinamide N-

oxide 
139.05 0.31 

5 dataset 

matches; 1 

human, 4 

mouse 

NA NA 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=6

cd1ad150059472

e84f3f95842588

083 

Absent 

3-methyl-2-

oxindole (3-

Methyloxindole) 

148.076 3.22 No results NA NA 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=1

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4a2ea5870d2e4622a5b90e4edfca3f17
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4a2ea5870d2e4622a5b90e4edfca3f17
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4a2ea5870d2e4622a5b90e4edfca3f17
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4a2ea5870d2e4622a5b90e4edfca3f17
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4a2ea5870d2e4622a5b90e4edfca3f17
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4a2ea5870d2e4622a5b90e4edfca3f17
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6cd1ad150059472e84f3f95842588083
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6cd1ad150059472e84f3f95842588083
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6cd1ad150059472e84f3f95842588083
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6cd1ad150059472e84f3f95842588083
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6cd1ad150059472e84f3f95842588083
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6cd1ad150059472e84f3f95842588083
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=18ca57b672484cb2b4d89b5235afc96d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=18ca57b672484cb2b4d89b5235afc96d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=18ca57b672484cb2b4d89b5235afc96d
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8ca57b672484cb

2b4d89b5235afc

96d 

Hyocholic acid 158.154 4.78 

12 dataset 

matches; 1 

human, 1 

mouse, 3 

environment

al samples 

Pseudomonas, 

Streptomyces 

albus, Bacillus 

subtilis, E. coli, 

Bacteroides, 

Eubacterium, 

Akkermansia 

Human Gut 

Bacteria 

Biotransformati

on 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=b

93deedfe65c46d

e8b656c93f0e7f5

0d 

Absent 

Gly-Val 

(Glycylvaline) 
175.107 0.36 

7 dataset 

matches; 1 

human, 1 

environment

al sample 

Pseudomonas, 

Streptomyces, 

Staphylococcus 

aureus 

Zoo mammal 

fecal 

metabolomes231 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=1

ce565d3cbe842b

1a3f3b82de4760

6a7 

Present 

3-Hydroxy-4-

methoxycinnamic 

acid (Isoferulic 

acid) 

177.055 4.13 

18 dataset 

matches; 1 

human, 5 

mouse, 1 

environment

al sample, 4 

plant (sweet 

orange, 

tomato), 1 

mushroom 

dataset 

"Bacteria" 

Human-

associated 

bacteria 

cultured with 

bile acids, 

Nobel twin 

study 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=1

0153589289f454

48d9db441d3003

69a 

Absent 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=18ca57b672484cb2b4d89b5235afc96d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=18ca57b672484cb2b4d89b5235afc96d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=18ca57b672484cb2b4d89b5235afc96d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b93deedfe65c46de8b656c93f0e7f50d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b93deedfe65c46de8b656c93f0e7f50d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b93deedfe65c46de8b656c93f0e7f50d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b93deedfe65c46de8b656c93f0e7f50d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b93deedfe65c46de8b656c93f0e7f50d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b93deedfe65c46de8b656c93f0e7f50d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=1ce565d3cbe842b1a3f3b82de47606a7
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=1ce565d3cbe842b1a3f3b82de47606a7
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=1ce565d3cbe842b1a3f3b82de47606a7
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=1ce565d3cbe842b1a3f3b82de47606a7
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=1ce565d3cbe842b1a3f3b82de47606a7
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=1ce565d3cbe842b1a3f3b82de47606a7
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=10153589289f45448d9db441d300369a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=10153589289f45448d9db441d300369a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=10153589289f45448d9db441d300369a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=10153589289f45448d9db441d300369a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=10153589289f45448d9db441d300369a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=10153589289f45448d9db441d300369a
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2-Butanone, 4-

(2,6,6-trimethyl-2-

cyclohexen-1-yl) 

177.164 3.15 

39 dataset 

matches; 6 

human, 4 

mouse, 5 

rat, 4 

environment

al samples, 

6 plant 

(rosemary, 

Eudicotyled

ons, thale 

cress, 

tomato) 

Marinobacter, 

Amycolatopsis, 

Streptomyces 

Burger 

ingredients 

common human 

diet, 

Amerindians 

urbanization 

gradient, zoo 

mammal fecal 

metabolomes231, 

anti-

inflammatory 

diet in 

rheumatoid 

arthritis patients 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=d

762844f0b44435

6a4958da4c6107

65f 

Present 

Paraxanthine 181.072 0.81 

14 dataset 

matches; 11 

human, 1 

mouse, 1 

environment

al samples 

NA 

Anti-

inflammatory 

diet in 

rheumatoid 

arthritis 

patients, Nobel 

twin study, 

Human 

rheumatoid 

arthritis, 

Metabolomic 

analysis of 

Alzheimer's 

disease 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=f

c336a940189429

f85395db848e77

d57 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d762844f0b444356a4958da4c610765f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d762844f0b444356a4958da4c610765f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d762844f0b444356a4958da4c610765f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d762844f0b444356a4958da4c610765f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d762844f0b444356a4958da4c610765f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d762844f0b444356a4958da4c610765f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc336a940189429f85395db848e77d57
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc336a940189429f85395db848e77d57
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc336a940189429f85395db848e77d57
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc336a940189429f85395db848e77d57
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc336a940189429f85395db848e77d57
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc336a940189429f85395db848e77d57
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trans-Ferulic acid 195.065 3.01 

52 dataset 

matches; 11 

human, 20 

mouse, 1 

rat, 1 

environment

al sample, 

plants 

(melon, 

corn, 

tomato, 

oranges), 

chemical 

standards 

with human 

samples 

Bacillus subtilis, 

Pseudomonas, 

Bacteroides, 

Bifidobacterium, 

Akkermansia 

Human Gut 

Bacteria 

Biotransformati

on 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=b

f38c3b5b06c440

ba397bbc10cf73

601 

Present 

Loliolide 197.117 3.11 

95 dataset 

matches; 10 

human, 4 

mouse, 2 

rat, 28 

environment

al samples, 

~10 plants 

(thale cress, 

tomato, 

thapsia, 

melon, corn) 

Pseudomonas, 

Bacillus, 

Cyanobacteria, 

Streptomyces 

Zoo mammal 

fecal 

metabolomes231, 

Amerindians 

urbanization 

gradient, ONR 

Human Wright 

Study, Analysis 

of Alzheimer's 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=b

e50e86038794e1

b9e0225109de95

8fa 

Present 

3-

Hydroxydodecanoi

c acid 

199.169 5.35 

21 dataset 

matches; 13 

human, 3 

mouse, 1 

environment

Bacillus subtilis, 

Burkholderia 

American Gut 

(with 

comparison for 

high and low 

plant 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=f

b1b298fcd564e1

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bf38c3b5b06c440ba397bbc10cf73601
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bf38c3b5b06c440ba397bbc10cf73601
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bf38c3b5b06c440ba397bbc10cf73601
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bf38c3b5b06c440ba397bbc10cf73601
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bf38c3b5b06c440ba397bbc10cf73601
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bf38c3b5b06c440ba397bbc10cf73601
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=be50e86038794e1b9e0225109de958fa
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=be50e86038794e1b9e0225109de958fa
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=be50e86038794e1b9e0225109de958fa
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=be50e86038794e1b9e0225109de958fa
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=be50e86038794e1b9e0225109de958fa
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=be50e86038794e1b9e0225109de958fa
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fb1b298fcd564e1594389d0207087f21
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fb1b298fcd564e1594389d0207087f21
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fb1b298fcd564e1594389d0207087f21
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fb1b298fcd564e1594389d0207087f21
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al samples, 

1 plant 

(corn), 1 

food 

fermentation 

metagenome 

consumption), 

Nobel twin 

study, Human 

fecal material 

standards, 

Human 

rheumatoid 

arthritis 

594389d0207087

f21 

N-Acetyl-D-

mannosamine 
204.087 3.27 

83 dataset 

matches; 20 

human, 11 

mouse, 2 

rat, 20 

environment

al samples, 

~4 plant 

(tomato, 

cotton) 

Streptomyces 

albus, 

Pseudomonas, E. 

coli, C. difficile, 

Buckholderia, 

Actinomycete 

American Gut, 

Amerindians 

Urbanization 

Gradient, 

Human fecal 

characterization 

test, Human 

rheumatoid 

arthritis 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=f

c40869d5519485

a808dc7caf0a2b

8ae  

Present 

N-acetyl-L-

Phenylalanine 
208.097 2.84 

76 dataset 

matches; 17 

human, 15 

mouse, 7 

environment

al samples, 

8 food 

metagenome

, 1 plant 

(tomato) 

Actinobacteria, 

Streptomyces, 

Rothia isolates, 

Bacillus, 

Akkermansia, 

Bifidobacterium, 

Pseudomonas, 

Cutibacterium 

acnes, 

Staphylococcus 

aureus 

American Gut 

(also with high 

and low plant 

consumption 

comparison), 

Amazon 

urbanization 

housing 

analysis, Nobel 

twin study, 

Human Gut 

Bacteria 

Biotransformati

on 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=7

279069e6501437

3ad790ecb80156

672 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fb1b298fcd564e1594389d0207087f21
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fb1b298fcd564e1594389d0207087f21
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc40869d5519485a808dc7caf0a2b8ae
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc40869d5519485a808dc7caf0a2b8ae
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc40869d5519485a808dc7caf0a2b8ae
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc40869d5519485a808dc7caf0a2b8ae
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc40869d5519485a808dc7caf0a2b8ae
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=fc40869d5519485a808dc7caf0a2b8ae
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7279069e65014373ad790ecb80156672
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7279069e65014373ad790ecb80156672
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7279069e65014373ad790ecb80156672
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7279069e65014373ad790ecb80156672
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7279069e65014373ad790ecb80156672
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7279069e65014373ad790ecb80156672
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Thr-Pro 

(Threonylproline) 
217.122 0.46 

15 dataset 

matches; 5 

human, 5 

mouse, 1 

rat, 1 

environment

al samples, 

2 plants 

(tomato) 

"Bacteria" NA 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=6

07f9ac84efe43a9

a26a6423898699

75 

Present 

Val-Val 

(Valylvaline) 
217.155 0.45 

35 dataset 

matches; 6 

human, 7 

mouse, 4 

rat, 2 

environment

al samples, 

2 food 

metagenome

, ~3 plant 

(thale cress, 

potato, wild 

oat) 

Staphylococcus 

aureus, 

Bacteroides, 

Akkermansia, 

Bifidobacterium 

Human gut 

bacteria 

biotransformatio

n, Zoo mammal 

fecal 

metabolomes231, 

Anti-

inflammatory 

diet in 

rheumatoid 

arthritis 

patients, Human 

fecal material 

standards, 

Burger 

ingredients, 

ONR feces and 

plasma 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=a

0be1a5518ef459

4bd188eed2bd4e

6d2 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=607f9ac84efe43a9a26a642389869975
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=607f9ac84efe43a9a26a642389869975
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=607f9ac84efe43a9a26a642389869975
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=607f9ac84efe43a9a26a642389869975
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=607f9ac84efe43a9a26a642389869975
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=607f9ac84efe43a9a26a642389869975
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=a0be1a5518ef4594bd188eed2bd4e6d2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=a0be1a5518ef4594bd188eed2bd4e6d2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=a0be1a5518ef4594bd188eed2bd4e6d2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=a0be1a5518ef4594bd188eed2bd4e6d2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=a0be1a5518ef4594bd188eed2bd4e6d2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=a0be1a5518ef4594bd188eed2bd4e6d2


208 

 

Abrine 219.113 0.61 

3 dataset 

matches; 3 

human 

NA 

American Gut 

(also UK), 

Malawi legume 

study 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=7

a23704e8e7c40a

7a18692083e5b0

0c2 

Present 

Pantothenic acid 220.118 0.56 

142 dataset 

matches; 33 

human, 33 

mouse, 4 

rat, 5 

environment

al samples, 

~11 plant 

(potato, 

peppers, 

melon, corn, 

sugarcane, 

tomato, 

thale cress, 

thapsia, 

Nicotiana 

benthamian

a) 

Pseudomonas, E. 

coli, 

Streptomyces, 

Bacillus, 

Staphylococcus 

aureus 

American gut 

(also UK; also 

high vs low 

plant 

consumption 

comparison), 

Nobel twin 

study, Zoo 

mammal fecal 

samples231, 

Human 

rheumatoid 

arthritis 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=b

ce374bc20ef4f69

ae9348a776d48e

8f 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7a23704e8e7c40a7a18692083e5b00c2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7a23704e8e7c40a7a18692083e5b00c2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7a23704e8e7c40a7a18692083e5b00c2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7a23704e8e7c40a7a18692083e5b00c2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7a23704e8e7c40a7a18692083e5b00c2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7a23704e8e7c40a7a18692083e5b00c2
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bce374bc20ef4f69ae9348a776d48e8f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bce374bc20ef4f69ae9348a776d48e8f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bce374bc20ef4f69ae9348a776d48e8f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bce374bc20ef4f69ae9348a776d48e8f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bce374bc20ef4f69ae9348a776d48e8f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bce374bc20ef4f69ae9348a776d48e8f
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PyroGlu-Pro 

(Pyroglutamylproli

ne) 

227.103 0.44 

44 dataset 

matches; 20 

human, 5 

mouse, 7 

food 

metagenome

, 2 

environment

al samples, 

~3 plant 

(cotton, 

Nicotiana 

benthamian

a, corn) 

Amycolatopsis, 

Bacillus subtilis, 

Pseudomonas, 

Streptomyces 

albus 

American Gut, 

ONR human 

diet, Human-

associated 

bacteria 

cultured with 

bile acids 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=8

93f768b31de46f

5903ad003dfdb2

152 

Present 

Myristoleic acid 227.201 5.94 

35 dataset 

matches; 17 

human, 6 

mouse, 1 

rat, 3 

environment

al samples, 

~2 plant 

(cotton, 

tomato) 

Streptomyces 

chartreusis 

Burger 

ingredients, 

American gut 

(with  high vs 

low plant 

consumption 

comparison), 

Amerindians 

urbanization 

gradient, ONR 

Primary Wright, 

Human fecal 

material 

standards, 

Alzheimer's 

analysis 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=0

9d5bd98a46145e

982b986a34e459

1ef  

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=893f768b31de46f5903ad003dfdb2152
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=893f768b31de46f5903ad003dfdb2152
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=893f768b31de46f5903ad003dfdb2152
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=893f768b31de46f5903ad003dfdb2152
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=893f768b31de46f5903ad003dfdb2152
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=893f768b31de46f5903ad003dfdb2152
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=09d5bd98a46145e982b986a34e4591ef
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=09d5bd98a46145e982b986a34e4591ef
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=09d5bd98a46145e982b986a34e4591ef
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=09d5bd98a46145e982b986a34e4591ef
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=09d5bd98a46145e982b986a34e4591ef
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=09d5bd98a46145e982b986a34e4591ef
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Ile-Pro 

(Isoleucylproline) 
229.155 0.76 

168 dataset 

matches; 44 

human, 32 

mouse, 5 

rat, 12 

environment

al samples, 

7 food 

metagenome

, ~9 plant 

(tomato, 

corn, cotton, 

potato) 

Pseudomonas, 

Streptomyces, 

Bacillus, 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Staphylococcus 

aureus, 

Lactobacillus, 

Amycolatopsis, 

Paenibacillus, E. 

coli, Eggerthella 

lenta, Serratia 

plymuthica 

American Gut 

(also UK and 

with  plant 

consumption 

comparison), 

Human gut 

bacteria 

biotransformatio

n, Human-

associated 

bacteria 

cultured with 

bile acids, Zoo 

mammal fecal 

samples231, 

Nobel twin 

study, Burger 

ingredients, 

Amerindians 

urbanization 

gradient, 

Human skin 

microbe 

isolates232 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=6

3a8a19454df447

3b3bcbab0a4023

ce9  

Present 

Val-Ile 

(Valylisoleucine) 
231.171 2.82 

80 dataset 

matches; 18 

human, 11 

mouse, 4 

rat, 3 

environment

al samples, 

6 food 

metagenome

Staphylococcus, 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Pseudomonas, 

Actinomycete, 

Streptomyces, 

Alteromonas 

Human gut 

bacteria 

biotransformatio

n, American gut 

(also UK), ONR 

Primary Wright, 

Burger 

ingredients, 

Human fecal 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=c

96f435a91334e1

fb38bcd1d0c111

a11 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=63a8a19454df4473b3bcbab0a4023ce9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=63a8a19454df4473b3bcbab0a4023ce9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=63a8a19454df4473b3bcbab0a4023ce9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=63a8a19454df4473b3bcbab0a4023ce9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=63a8a19454df4473b3bcbab0a4023ce9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=63a8a19454df4473b3bcbab0a4023ce9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c96f435a91334e1fb38bcd1d0c111a11
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c96f435a91334e1fb38bcd1d0c111a11
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c96f435a91334e1fb38bcd1d0c111a11
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c96f435a91334e1fb38bcd1d0c111a11
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c96f435a91334e1fb38bcd1d0c111a11
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c96f435a91334e1fb38bcd1d0c111a11
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, ~6 plant 

(thale cress, 

Nicotiana 

benthamian

a, tomato, 

cotton) 

material 

standards 

cis-9-

Hexadecenoic acid 

(Palmitoleic acid) 

237.221 6.49 

73 dataset 

matches; 33 

human, 14 

mouse, 4 

rat, 5 

environment

al samples 

(also built 

environment

), ~6 plant 

(tomato, 

corn, 

sugarcane) 

Bacillus subtilis, 

Bacteroides, 

Bifidobacterium, 

Akkermansia, 

Lactobacillus, 

Cyanobacteria, 

Marinobacter, 

Prochlorococcus 

marinus, Rothia 

Human gut 

bacteria 

biotransformatio

n, American 

Gut (subset for 

plant 

consumption 

comparison), 

ONR primary 

Wright, burger 

ingredients, 

Amerindians 

urbanization 

gradient, Nobel 

twin study 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=d

3eed7e162f24c3

ab3b2c1c3e2e98

785 

Present 

Gly-Tyr 

(Glycyltyrosine) 
239.102 0.44 

34 dataset 

matches; 13 

human, 10 

mouse, 1 

rat, 3 

environment

al samples, 

~2 plant 

(tomato, 

potato) 

Staphylococcus 

aureus, 

Bacteroides, 

Akkermansia, 

Bifidobacterium 

Human gut 

bacteria 

biotransformatio

n, Human-

associated 

bacteria 

cultured with 

bile acids, anti-

inflammatory 

diet in 

rheumatoid 

arthritis patients 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=e

cdd1a94b14a482

2a4466ca3c86b4

bab 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3eed7e162f24c3ab3b2c1c3e2e98785
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3eed7e162f24c3ab3b2c1c3e2e98785
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3eed7e162f24c3ab3b2c1c3e2e98785
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3eed7e162f24c3ab3b2c1c3e2e98785
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3eed7e162f24c3ab3b2c1c3e2e98785
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3eed7e162f24c3ab3b2c1c3e2e98785
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ecdd1a94b14a4822a4466ca3c86b4bab
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ecdd1a94b14a4822a4466ca3c86b4bab
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ecdd1a94b14a4822a4466ca3c86b4bab
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ecdd1a94b14a4822a4466ca3c86b4bab
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ecdd1a94b14a4822a4466ca3c86b4bab
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ecdd1a94b14a4822a4466ca3c86b4bab
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Biotin 245.098 2.39 No results NA NA 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=7

e05ee9c085e492

a871eb3bea1d24

f50 

Present 

Leu-Leu 

(Leucylleucine) 
245.186 2.40 

190 dataset 

matches; 60 

human, 30 

mouse, 5 

rat, 16 

environment 

(also built 

environment

), 13 food 

metagenome

, ~14 plant 

(tomato, 

potato, 

melon, corn, 

malus, 

cotton, 

Nicotiana 

benthamian

a, oranges) 

E. coli, 

Staphylococcus 

aureus, 

Pseudomonas, 

Streptomyces, 

Nocardia, 

Bacillus, 

Burkholderia, 

Eggerthella 

lenta, 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Lactobacillus, 

Roseburia, 

Paenibacillus, 

Alteromonas, 

Amycolaptosis, 

Xanthomonas 

citri, 

Actinomycete 

American gut 

(with  plant 

consumption 

comparison), 

Human gut 

bacteria 

biotransformatio

n, Burger 

ingredients, 

Human-

associated 

bacteria 

cultured with 

bile acids, ONR 

human diet, 

ONR primary 

wright, Human 

skin 

microbiome 

isolates232, 

Amazon 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=5

362cc2f00994ee

ba80d4bc3db795

4e0 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7e05ee9c085e492a871eb3bea1d24f50
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7e05ee9c085e492a871eb3bea1d24f50
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7e05ee9c085e492a871eb3bea1d24f50
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7e05ee9c085e492a871eb3bea1d24f50
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7e05ee9c085e492a871eb3bea1d24f50
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7e05ee9c085e492a871eb3bea1d24f50
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=5362cc2f00994eeba80d4bc3db7954e0
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=5362cc2f00994eeba80d4bc3db7954e0
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=5362cc2f00994eeba80d4bc3db7954e0
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=5362cc2f00994eeba80d4bc3db7954e0
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=5362cc2f00994eeba80d4bc3db7954e0
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=5362cc2f00994eeba80d4bc3db7954e0
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urbanization 

housing 

analysis, Zoo 

mammal fecal 

samples231,  

Ancient DNA 

teeth, Anti-

inflammatory 

diet of 

rheumatoid 

arthritis 

patients, 

Amazon skin 

and 

environmental 

samples 

Lenticin 247.145 1.22 

42 dataset 

matches; 35 

human, 3 

environment

al samples, 

1 plant 

(tomato) 

NA 

ONR Human 

study, Human 

rheumatoid 

arthritis, 

American gut 

(also UK), Zoo 

mammal fecal 

samples231, 

Nobel twin 

study 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=d

a61e8f7b5e744a

c99a829e23a067

c71 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da61e8f7b5e744ac99a829e23a067c71
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da61e8f7b5e744ac99a829e23a067c71
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da61e8f7b5e744ac99a829e23a067c71
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da61e8f7b5e744ac99a829e23a067c71
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da61e8f7b5e744ac99a829e23a067c71
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da61e8f7b5e744ac99a829e23a067c71
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Val-Met 

(Valylmethionine) 
249.126 0.56 

27 dataset 

matches; 4 

human, 6 

mouse, 5 

rat, 3 food 

metagenome

, ~2 plant 

(potato, 

tomato) 

Staphylococcus 

aureus, 

Bacteroides, 

Akkermansia, 

Bifidobacterium 

Human gut 

bacteria 

biotransformatio

n, Burger 

ingredients, 

ONR human 

diet, Zoo 

mammal fecal 

samples231, 

Anti-

inflammatory 

diet in 

rheumatoid 

arthritis patients 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=3

772722082864e3

db8ffa8be8d876

07c 

Present 

Ser-Phe 

(Serylphenylalanin

e) 

253.118 0.79 

64 dataset 

matches; 18 

human, 13 

mouse, 2 

rat, 9 

environment

al samples, 

~6 plant 

(cotton, 

thale cress, 

potato, corn, 

tomato) 

Pseudomonas, 

Streptomyces, E. 

coli, 

Amycolaptosis, 

Bacillus 

Human gut 

bacteria 

biotransformatio

n, American gut 

(with plant 

consumption 

comparison), 

Zoo mammal 

fecal samples231, 

Burger 

ingredients, 

Nobel twin 

study 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=4

cd767ae2c9d4f2

a815c2120511c9

112 

Present 

Palmitelaidic acid 255.232 5.96 

31 dataset 

matches; 12 

human, 9 

mouse, 1 

rat, 3 

environment 

Bacillus subtilis 

Amerindians 

urbanization 

gradient 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=8

dbc4bee89914f2

49f91ab103ac05

d26 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=3772722082864e3db8ffa8be8d87607c
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=3772722082864e3db8ffa8be8d87607c
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=3772722082864e3db8ffa8be8d87607c
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=3772722082864e3db8ffa8be8d87607c
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=3772722082864e3db8ffa8be8d87607c
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=3772722082864e3db8ffa8be8d87607c
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4cd767ae2c9d4f2a815c2120511c9112
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4cd767ae2c9d4f2a815c2120511c9112
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4cd767ae2c9d4f2a815c2120511c9112
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4cd767ae2c9d4f2a815c2120511c9112
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4cd767ae2c9d4f2a815c2120511c9112
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4cd767ae2c9d4f2a815c2120511c9112
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8dbc4bee89914f249f91ab103ac05d26
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8dbc4bee89914f249f91ab103ac05d26
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8dbc4bee89914f249f91ab103ac05d26
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8dbc4bee89914f249f91ab103ac05d26
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8dbc4bee89914f249f91ab103ac05d26
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8dbc4bee89914f249f91ab103ac05d26
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(also built 

environment

), ~1 plant 

(corn) 

L-Saccharopine 259.129 0.31 

15 dataset 

matches; 5 

human, 2 

mouse, ~1 

plant 

(tomato) 

Streptomyces 

clavuligerus, 

Streptomyces 

albus 

American and 

UK gut 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=e

4dd2264edc145d

d9fd0525d9e8fb

c4a  

Present 

Phe-Pro 

(Phenylalanylproli

ne) 

263.139 2.57 

196 dataset 

matches; 62 

human, 29 

mouse, 5 

rat, 18 

environment 

(including 

built 

environment

), 8 food 

metagenome

, ~4 plant 

(cotton, 

sugarcane, 

tomato, 

corn) 

Staphylococcus 

aureus, 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Roseburia, 

Bifidobacterium, 

E. coli, 

Pseudomonas, 

Bacillus, 

Burkholderia, 

Amycolaptosis, 

Leptospira, 

Eggerthella 

lenta, 

Actinomycete, 

Paenibacillus, 

Streptomyces, 

Acinetobacter 

pittii, Pantoea 

conspicua, 

Klebsiella, 

Enterobacter, 

Human gut 

bacteria 

biotransformatio

n, American gut 

(with plant 

consumption 

comparison), 

Human-

associated 

bacteria 

cultured with 

bile acids, 

Burger 

ingredients, 

Human skin 

microbiome 

isolates232, 

Human 

rheumatoid 

arthritis, Zoo 

mammal fecal 

samples231, 

Nobel twin 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=a

e38f3f9e8864fb5

9edb943a8e514b

ae  

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e4dd2264edc145dd9fd0525d9e8fbc4a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e4dd2264edc145dd9fd0525d9e8fbc4a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e4dd2264edc145dd9fd0525d9e8fbc4a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e4dd2264edc145dd9fd0525d9e8fbc4a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e4dd2264edc145dd9fd0525d9e8fbc4a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e4dd2264edc145dd9fd0525d9e8fbc4a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ae38f3f9e8864fb59edb943a8e514bae
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ae38f3f9e8864fb59edb943a8e514bae
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ae38f3f9e8864fb59edb943a8e514bae
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ae38f3f9e8864fb59edb943a8e514bae
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ae38f3f9e8864fb59edb943a8e514bae
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ae38f3f9e8864fb59edb943a8e514bae
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Rothia, 

Veillonella 

atypica 

study, Amazon 

skin and 

environmental 

samples 

Conjugated 

linoleic Acid 

(10E,12Z) 

263.237 7.52 

132 dataset 

matches; 43 

human, 33 

mouse, 6 

rat, 10 

environment

al samples 

(including 

built 

environment

), 14 food 

metagenome

, ~6 plant 

(potato, 

corn, thale 

cress), ~5 

animal 

(baboon, 

cheetah) 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Roseburia, 

Eggerthella, 

Bacillus, 

Cutibacterium 

acnes 

Human gut 

bacteria 

biotransformatio

n, American gut 

(with  plant 

consumption 

comparison), 

Urbanization 

gradient foods, 

ONR wright 

human study, 

ONR primary 

wright, ONR 

human diet, 

Nobel twin 

study 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=8

3c13baa8dc74e6

4b18653edd89e8

567 

Absent 

Conjugated 

linoleic acid 

(9E,11E) 

263.237 6.68 

144 dataset 

matches; 48 

human, 36 

mouse, 6 

rat, 11 

environment 

(including 

built 

environment

), 12 food 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Roseburia, 

Eggerthella, 

Methylobacter 

tundripaludum, 

Clostridium, 

Bacillus subtilis 

ONR Primary 

Wright Human, 

Human Gut 

Bacteria 

Biotransformati

on, ONR human 

diet, American 

Gut (with plant 

consumption 

comparison), 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=6

389f1e6cf4f4518

93599372f2b682

b5 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=83c13baa8dc74e64b18653edd89e8567
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=83c13baa8dc74e64b18653edd89e8567
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=83c13baa8dc74e64b18653edd89e8567
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=83c13baa8dc74e64b18653edd89e8567
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=83c13baa8dc74e64b18653edd89e8567
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=83c13baa8dc74e64b18653edd89e8567
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6389f1e6cf4f451893599372f2b682b5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6389f1e6cf4f451893599372f2b682b5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6389f1e6cf4f451893599372f2b682b5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6389f1e6cf4f451893599372f2b682b5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6389f1e6cf4f451893599372f2b682b5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6389f1e6cf4f451893599372f2b682b5
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metagenome

, ~4 animal 

(baboon, 

rhino, 

cheetah), ~7 

plant (corn, 

potato, thale 

cress, 

oranges) 

Amerindians 

urbanization 

gradient, 

Amazon 

urbanization 

housing 

analysis, Nobel 

twin study, 

Urbanization 

gradient foods 

Thr-Phe 

(Threonylphenylal

anine) 

267.134 0.48 

44 dataset 

matches; 9 

human, 10 

mouse, 5 

rat, 3 

environment

, ~4 plant 

(tomato, 

thale cress, 

potato), 3 

animal 

(cheetah) 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Staphylococcus 

aureus, 

Streptomyces 

Human Gut 

Bacteria 

Biotransformati

on, Amerindians 

urbanization 

gradient, 

Human 

rheumatoid 

arthritis, Burger 

ingredients, 

ONR wright 

human study, 

Zoo mammal 

fecal samples231, 

Anti-

inflammatory 

diet in 

rheumatoid 

arthritis patients 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=3

4e92fc0e923491

89ec8234819dac

5d8 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=34e92fc0e92349189ec8234819dac5d8
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=34e92fc0e92349189ec8234819dac5d8
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=34e92fc0e92349189ec8234819dac5d8
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=34e92fc0e92349189ec8234819dac5d8
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=34e92fc0e92349189ec8234819dac5d8
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=34e92fc0e92349189ec8234819dac5d8
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Pro-Arg 

(Prolylarginine) 
272.171 0.32 

7 dataset 

matches; 4 

human, 3 

mouse 

NA NA 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=4

dd48325058045a

a862fbb31c1a82

30d 

Present 

9-OxoOTrE 275.201 4.42 

58 dataset 

matches; 16 

human, 8 

mouse, 4 

rat, 3 

environment

, 1 food 

metagenome

, ~13 plant 

(corn, 

cotton, 

tomato,  

Malpighiace

ae plants, 

melon, thale 

cress, 

potato, 

orange), ~1 

other animal 

(rhino) 

Bacillus, 

Pseudomonas, 

Streptomyces 

scabiei 

Burger 

ingredients, 

ONR primary 

wright human 

study, Human 

rheumatoid 

arthritis, Zoo 

mammal fecal 

samples231, 

Anti-

inflammatory 

diet in 

rheumatoid 

arthritis patients 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=9

c0b6ad5c2f24f02

b49c5d834598b3

9d 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4dd48325058045aa862fbb31c1a8230d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4dd48325058045aa862fbb31c1a8230d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4dd48325058045aa862fbb31c1a8230d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4dd48325058045aa862fbb31c1a8230d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4dd48325058045aa862fbb31c1a8230d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4dd48325058045aa862fbb31c1a8230d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9c0b6ad5c2f24f02b49c5d834598b39d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9c0b6ad5c2f24f02b49c5d834598b39d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9c0b6ad5c2f24f02b49c5d834598b39d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9c0b6ad5c2f24f02b49c5d834598b39d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9c0b6ad5c2f24f02b49c5d834598b39d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9c0b6ad5c2f24f02b49c5d834598b39d
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Phe-Leu 

(Phenylalanylleuci

ne) 

279.171 2.59 

222 dataset 

matches; 77 

human, 37 

mouse, 7 

rat, 28 

environment

, 11 food 

metagenome

, ~6 other 

animal 

(cheetah, 

rhino, cat), 

~10 plant 

(cotton, 

Malpighiace

ae plants, 

potato, 

tomato, 

thale cress, 

corn) 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

E. coli, 

Paenibacillus, 

Eggerthella 

lenta, 

Staphylococcus 

aureus, 

Pseudomonas, 

Nocardia, 

Streptomyces, 

Veillonella 

atypica, 

Achromobacter 

xylosoxidan, 

Cutibacterium 

acnes, 

Amycolaptosis 

Human gut 

bacteria 

biotransformatio

n, American gut 

(with  plant 

comparison and 

UK gut), 

Human-

associated 

bacteria 

cultured with 

bile acids, 

Human skin 

microbiome 

isolates232, 

Burger 

ingredients, 

Urbanization 

gradient foods, 

Amerindians 

urbanization 

gradient, 

Amazon 

urbanization 

housing 

analysis, Zoo 

mammal fecal 

samples231, 

Ancient DNA 

teeth 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=0

506cb53c28b4ae

fa42281c3da9c0

881 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0506cb53c28b4aefa42281c3da9c0881
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0506cb53c28b4aefa42281c3da9c0881
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0506cb53c28b4aefa42281c3da9c0881
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0506cb53c28b4aefa42281c3da9c0881
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0506cb53c28b4aefa42281c3da9c0881
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0506cb53c28b4aefa42281c3da9c0881
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Leu-Phe 

(Leucylphenylalan

ine) 

279.171 3.47 

147 dataset 

matches; 41 

human, 26 

mouse, 5 

rat, 21 

environment

, 5 food 

metagenome

, ~3 other 

animal 

(baboon, 

cheetah), ~9 

plant 

(peppers, 

Nicotiana 

benthamian

a, corn, 

potato, 

tomato, 

thale cress, 

cotton) 

Staphylococcus 

aureus, 

Eggerthella 

lenta, 

Akkermansia, 

Bacteroides, 

Bifidobacterium, 

Roseburia, 

Clostridium, 

Bacillus, 

Pseudomonas, 

Amycolaptosis, 

E. coli, 

Nocardia, 

Streptomyces 

Human gut 

bacteria 

biotransformatio

n, ONR primary 

wright, Human-

associated 

bacteria 

cultured with  

bile acids, 

Burger 

ingredients, 

Human 

rheumatoid 

arthritis, 

Amerindians 

urbanization 

gradient, 

American gut 

(with  plant 

consumption 

comparison), 

Zoo mammal 

fecal samples231, 

Ancient DNA 

teeth, Nobel 

twin study 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=7

781fd3196b142e

0975dbafc0f737

392 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7781fd3196b142e0975dbafc0f737392
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7781fd3196b142e0975dbafc0f737392
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7781fd3196b142e0975dbafc0f737392
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7781fd3196b142e0975dbafc0f737392
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7781fd3196b142e0975dbafc0f737392
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7781fd3196b142e0975dbafc0f737392
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N-Tetracosenoyl-

4-sphingenine 
282.279 6.09 

29 dataset 

matches; 7 

human, 11 

mouse, 4 

rat, 2 

environment

, 

"Bacteria" 

Burger 

ingredients, 

Human 

rheumatoid 

arthritis, 

Amerindians 

urbanization 

gradient, Anti-

inflammatory 

diet in 

rheumatoid 

arthritis patients 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=c

a9486b15bc64ef

ea62c56a21ff740

57 

Present 

Octadecanamide 284.295 8.55 

5 dataset 

matches; 3 

human, 2 

mouse 

NA 
ONR human 

plasma 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=e

11d31d2e9294d8

ea30cf1712be31

84a 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ca9486b15bc64efea62c56a21ff74057
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ca9486b15bc64efea62c56a21ff74057
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ca9486b15bc64efea62c56a21ff74057
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ca9486b15bc64efea62c56a21ff74057
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ca9486b15bc64efea62c56a21ff74057
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ca9486b15bc64efea62c56a21ff74057
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e11d31d2e9294d8ea30cf1712be3184a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e11d31d2e9294d8ea30cf1712be3184a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e11d31d2e9294d8ea30cf1712be3184a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e11d31d2e9294d8ea30cf1712be3184a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e11d31d2e9294d8ea30cf1712be3184a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e11d31d2e9294d8ea30cf1712be3184a
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Xanthosine 285.083 0.40 

41 dataset 

matches; 5 

human, 21 

mouse, 3 

rat, 1 

environment

, 3 food 

metagenome

, ~1 plant 

(Genipapo), 

~1 other 

animal 

(rhino) 

Streptomyces, 

Pseudomonas 

fluorescens, 

Photobacterium 

galatheae, 

Paenibacillus 

peoriae, 

Xenorhabdus 

hominickii 

Burger 

ingredients, Zoo 

mammal fecal 

samples231, 

Nobel twin 

study 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=f

40c0769edcc4b8

9b9e2f5507e2a9

76a 

Present 

Arg-Ile 

(Arginylisoleucine

) 

288.203 0.36 

53 dataset 

matches; 9 

human, 9 

mouse, 5 

rat, 5 

environment

, 6 food 

metagenome

, ~3 plant 

(cotton, 

potato, 

tomato), ~1 

other animal 

(rhino) 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Roseburia, 

Clostridium, 

Paenibacillus, 

Amycolaptosis, 

Pseudomonas 

fluorescens, 

Photobacterium 

galatheae, 

Xenorhabdus 

hominickii 

Human gut 

bacteria 

biotransformatio

n, Burger 

ingredients, Zoo 

mammal fecal 

samples231 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=a

c1635b5525e4c4

8a6ba690f9bd31

4b1 

Absent 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f40c0769edcc4b89b9e2f5507e2a976a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f40c0769edcc4b89b9e2f5507e2a976a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f40c0769edcc4b89b9e2f5507e2a976a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f40c0769edcc4b89b9e2f5507e2a976a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f40c0769edcc4b89b9e2f5507e2a976a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f40c0769edcc4b89b9e2f5507e2a976a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ac1635b5525e4c48a6ba690f9bd314b1
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ac1635b5525e4c48a6ba690f9bd314b1
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ac1635b5525e4c48a6ba690f9bd314b1
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ac1635b5525e4c48a6ba690f9bd314b1
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ac1635b5525e4c48a6ba690f9bd314b1
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ac1635b5525e4c48a6ba690f9bd314b1
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cis-11,14-

Eicosadienoic acid 
291.268 5.54 

21 dataset 

matches; 7 

human, 2 

mouse, 1 

rat, 2 

environment

, 1 food 

metagenome

, ~2 plant 

(Malpighiac

eae plants, 

Myoporeae 

plants 

NA 

American Gut 

(with  plant 

consumption 

comparison), 

Nobel twin 

study 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=c

7075cb219be444

493020b722375a

145 

Absent 

N-Acetylmuramic 

Acid 
294.119 0.38 

17 dataset 

matches; 1 

human, 6 

mouse, 1 

rat, 2 

environment

, 1 plant 

(tomato) 

Streptomyces 

scabiei, 

Streptomyces, 

Streptomyces 

clavuligerus 

NA 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=6

c495d96e0bb4ce

eb8c8821fd7a8f5

7b 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c7075cb219be444493020b722375a145
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c7075cb219be444493020b722375a145
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c7075cb219be444493020b722375a145
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c7075cb219be444493020b722375a145
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c7075cb219be444493020b722375a145
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=c7075cb219be444493020b722375a145
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6c495d96e0bb4ceeb8c8821fd7a8f57b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6c495d96e0bb4ceeb8c8821fd7a8f57b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6c495d96e0bb4ceeb8c8821fd7a8f57b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6c495d96e0bb4ceeb8c8821fd7a8f57b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6c495d96e0bb4ceeb8c8821fd7a8f57b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=6c495d96e0bb4ceeb8c8821fd7a8f57b
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Tyr-Leu 

(Tyrosylleucine) 
295.165 2.71 

153 dataset 

matches; 48 

human, 18 

mouse, 6 

rat, 16 

environment

, 12 food 

metagenome

, ~3 other 

animal 

(cheetah, 

dog, rhino), 

~6 plant 

(thale cress, 

melon, 

potato, corn) 

E. coli, 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Roseburia, 

Eggerthella, 

Clostridium, 

Pseudomonas, 

Nocardia, 

Streptomyces, 

Bacillus, 

Amycolaptosis, 

Paenibacillus, 

Photobacterium 

galatheae, 

Xenorhabdus 

hominickii 

Human Gut 

bacteria 

biotransformatio

n, ONR human 

diet, Human 

skin 

microbiome 

isolates232, 

Burger 

ingredients, 

Human-

associated 

bacteria 

cultured with  

bile acids, ONR 

primary wright, 

Amerindians 

urbanization 

gradient, Zoo 

mammal fecal 

samples231, 

Nobel twin 

study, Anti-

inflammatory 

diet in 

rheumatoid 

arthritis patients 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=b

55595173aa54b4

29e8056f941be4

d3a 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b55595173aa54b429e8056f941be4d3a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b55595173aa54b429e8056f941be4d3a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b55595173aa54b429e8056f941be4d3a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b55595173aa54b429e8056f941be4d3a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b55595173aa54b429e8056f941be4d3a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b55595173aa54b429e8056f941be4d3a
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Phe-Met 

(Phenylalanylmeth

ionine) 

297.126 2.18 

31 dataset 

matches; 5 

human, 7 

mouse, 3 

rat, 4 

environment

, 4 food 

metagenome

, ~2 plant 

(tomato, 

corn) 

Bacillus 

ONR Wright 

human study, 

Amerindians 

urbanization 

gradient, Zoo 

mammal fecal 

samples231 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=f

691a68d2503426

aa15f80cdd92f7d

90 

Absent 

Ile-Gly-Ile 

(Isoleucylglycyliso

leucine) 

302.205 3.04 

99 dataset 

matches; 16 

human, 29 

mouse, 5 

rat, 14 

environment

, 7 food 

metagenome

, ~3 other 

animal 

(cheetah, 

cat, dog), ~5 

plant (corn, 

tomato, 

potato) 

Eubacteria, 

Bacillus, 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Roseburia, 

Eggerthella, 

Clostridium, 

Pseudomonas, 

Amycolaptosis, 

Streptomyces 

albus, 

Paenibacillus 

Burger 

ingredients, 

Human gut 

bacteria 

biotransformatio

n, Human-

associated 

bacteria 

cultured with 

bile acids, ONR 

human diet, 

Amerindians 

urbanization 

gradient, Zoo 

mammal fecal 

samples231 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=0

b17a25c3d6445d

5b2c4a8e335adb

a23 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f691a68d2503426aa15f80cdd92f7d90
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f691a68d2503426aa15f80cdd92f7d90
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f691a68d2503426aa15f80cdd92f7d90
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f691a68d2503426aa15f80cdd92f7d90
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f691a68d2503426aa15f80cdd92f7d90
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f691a68d2503426aa15f80cdd92f7d90
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0b17a25c3d6445d5b2c4a8e335adba23
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0b17a25c3d6445d5b2c4a8e335adba23
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0b17a25c3d6445d5b2c4a8e335adba23
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0b17a25c3d6445d5b2c4a8e335adba23
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0b17a25c3d6445d5b2c4a8e335adba23
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=0b17a25c3d6445d5b2c4a8e335adba23
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Val-Trp 

(Valyltryptophan) 
304.167 3.02 

28 dataset 

matches; 2 

human, 6 

mouse, 2 

rat, 2 food 

metagenome

,~3 plant 

(tomato, 

cotton, 

potato), 1 

other animal 

(rhino) 

Streptomyces 

clavuligerus, 

Streptomyces 

scabiei, 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Roseburia, 

Eggerthella, 

Clostridium 

Human gut 

bacteria 

biotransformatio

n, Zoo mammal 

fecal samples231 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=f

2352760f6db441

f9bb0880f3ee98c

26 

Present 

Fructoselysine 309.164 0.31 

44 dataset 

matches; 12 

human, 13 

mouse, 4 

rat, 1 

environment

, 3 food 

metagenome 

Pseudomonas, 

Nocardia, 

Streptomyces, 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Roseburia, 

Eggerthella, 

Clostridium, 

Amycolaptosis 

Human gut 

bacteria 

biotransformatio

n, American gut 

(also UK) 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=d

3840c7b8fd0438

ab2518ebbabbf5

b62 

Present 

N-

Palmitoylglycine 
314.27 7.34 

8 dataset 

matches; 1 

human, 2 

mouse, ~1 

plant 

(Euphorbiac

eae) 

Pseudomonas, 

Bacillus 
NA 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=9

98632092bb7495

692e01f7ba1be0

248 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f2352760f6db441f9bb0880f3ee98c26
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f2352760f6db441f9bb0880f3ee98c26
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f2352760f6db441f9bb0880f3ee98c26
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f2352760f6db441f9bb0880f3ee98c26
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f2352760f6db441f9bb0880f3ee98c26
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f2352760f6db441f9bb0880f3ee98c26
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3840c7b8fd0438ab2518ebbabbf5b62
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3840c7b8fd0438ab2518ebbabbf5b62
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3840c7b8fd0438ab2518ebbabbf5b62
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3840c7b8fd0438ab2518ebbabbf5b62
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3840c7b8fd0438ab2518ebbabbf5b62
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=d3840c7b8fd0438ab2518ebbabbf5b62
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=998632092bb7495692e01f7ba1be0248
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=998632092bb7495692e01f7ba1be0248
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=998632092bb7495692e01f7ba1be0248
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=998632092bb7495692e01f7ba1be0248
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=998632092bb7495692e01f7ba1be0248
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=998632092bb7495692e01f7ba1be0248
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Ile-Trp 

(Iseoleucyltryptop

han) 

318.167 2.27 

59 dataset 

matches; 7 

human, 12 

mouse, 4 

rat, 5 

environment

, 2 food 

metagenome

, ~5 plant 

(cotton, wild 

oat, corn, 

tomato, 

peppers), ~2 

other animal 

(cheetah) 

Staphylococcus 

aureus, Bacillus, 

Streptomyces, 

Pseudomonas, 

Amycolaptosis, 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

E. coli, 

Eggerthella lenta 

Burger 

ingredients, 

Human gut 

bacteria 

biotransformatio

n, Human-

associated 

bacteria 

cultured with 

bile acids, ONR 

Wright human 

study, Zoo 

mammal fecal 

samples231 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=c

f87c54ff6f14611

846d4b9bb63f3b

3b 

Absent 

Lithocholic acid 323.273 6.84 

17 dataset 

matches; 8 

human, 2 

mouse, 3 

rat, 1 

environment

, 1 plant 

(tomato) 

NA 

American Gut 

(also UK), ONR 

Primary Wright, 

Human 

rheumatoid 

arthritis, Zoo 

mammal fecal 

samples231 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=2

bd41fcad2ef45be

8edc72db760066

f3 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=cf87c54ff6f14611846d4b9bb63f3b3b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=cf87c54ff6f14611846d4b9bb63f3b3b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=cf87c54ff6f14611846d4b9bb63f3b3b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=cf87c54ff6f14611846d4b9bb63f3b3b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=cf87c54ff6f14611846d4b9bb63f3b3b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=cf87c54ff6f14611846d4b9bb63f3b3b
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2bd41fcad2ef45be8edc72db760066f3
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2bd41fcad2ef45be8edc72db760066f3
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2bd41fcad2ef45be8edc72db760066f3
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2bd41fcad2ef45be8edc72db760066f3
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2bd41fcad2ef45be8edc72db760066f3
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2bd41fcad2ef45be8edc72db760066f3
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Leucine 

enkephalin 
336.192 3.22 

51 dataset 

matches; 8 

human, 10 

mouse, 2 

rat, 3 

environment

, 5 food 

metagenome

, ~4 plant 

(corn, 

tomato), ~2 

other animal 

(cheetah) 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Eggerthella 

lenta, Roseburia, 

lactobacillus, 

Eubacterium, 

Bacillus, 

Streptomyces, 

Pseudomonas, 

Amycolaptosis, 

Paenibacillus 

Human gut 

bacteria 

biotransformatio

n, Burger 

ingredients, 

ONR human 

diet, Human 

skin 

microbiome 

isolates232, IBD 

severity human 

samples 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=e

0bbeeff3ae04f21

91b9bedf2ba39a

22 

Absent 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e0bbeeff3ae04f2191b9bedf2ba39a22
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e0bbeeff3ae04f2191b9bedf2ba39a22
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e0bbeeff3ae04f2191b9bedf2ba39a22
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e0bbeeff3ae04f2191b9bedf2ba39a22
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e0bbeeff3ae04f2191b9bedf2ba39a22
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e0bbeeff3ae04f2191b9bedf2ba39a22
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13-Docosenamide, 

(Z)- (Erucamide) 
338.342 9.19 

228 dataset 

matches; 52 

human, 31 

mouse, 6 

rat, 24 

environment

, 5 food 

metagenome

, ~10 other 

animal 

(baboon, 

cheetah, 

rhino, 

sheep), ~16 

plant 

(Mitragyna 

speciosa, 

Myoporeae 

plants, 

Angelica 

keiskei, 

Malpighiace

ae plants, 

Thapsia 

garganica, 

oranges, 

melon, 

tomato, wild 

oat, thale 

cress, 

Psychotria 

insularum, 

seaweed) 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Roseburia, 

Eggerthella, 

Clostridium, 

Methylobacter 

tundripaludum, 

E. coli, 

Pseudomonas, 

Bacillus, 

Cyanobacteria, 

Colwellia 

chukchiensis, 

Maribacter 

ulvicola, 

Algoriphagus 

machipongonens

is, Zobellia 

uliginosa, 

Saccharomonosp

ora viridis, 

Burkholderia, 

Streptomyces, 

Moorena 

bouillonii, 

Glutamicibacter 

arilaitensis, 

Staphylococcus 

aureus 

Human gut 

bacteria 

biotransformatio

n, Burger 

ingredients, 

ONR primary 

wright, Human-

associated 

bacteria 

cultured with 

bile acids, 

Human skin 

microbiome 

isolates232, ONR 

human fecal, 

American Gut 

(with plant 

consumption 

comparison), 

Amerindians 

urbanization 

gradient, ONR 

primary bile 

acids, Ancient 

DNA teeth 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=5

0b42b413dbd4aa

98745d64374ae8

f6d 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=50b42b413dbd4aa98745d64374ae8f6d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=50b42b413dbd4aa98745d64374ae8f6d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=50b42b413dbd4aa98745d64374ae8f6d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=50b42b413dbd4aa98745d64374ae8f6d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=50b42b413dbd4aa98745d64374ae8f6d
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=50b42b413dbd4aa98745d64374ae8f6d


230 

 

Phe-Trp 

(Phenylalanyltrypt

ophan) 

352.166 3.28 

43 dataset 

matches; 19 

human, 11 

mouse, 1 

rat, 1 

environment

, ~2 other 

animal 

(baboon, 

cheetah), ~2 

plant 

(tomato) 

Bacillus subtilis, 

Paenibacillus 

ONR Wright 

Human study, 

Burger 

ingredients, 

ONR primary 

wright, Zoo 

mammal fecal 

samples231, 

Analysis of 

Alzheimer’s, 

Nobel twin 

study 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=a

b7256224a5240c

38e829d2455ec4

738 

Absent 

Ile-Val-Lys 

(Isoleucylvalyllysi

ne) 

359.266 0.60 

13 dataset 

matches; 1 

human, 5 

mouse, 3 

rat,  

Pseudomonas, 

bacillus, Bacillus 

subtilis 

NA 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=f

1259278f31d49e

7965135dc4fd92

f5f  

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ab7256224a5240c38e829d2455ec4738
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ab7256224a5240c38e829d2455ec4738
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ab7256224a5240c38e829d2455ec4738
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ab7256224a5240c38e829d2455ec4738
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ab7256224a5240c38e829d2455ec4738
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=ab7256224a5240c38e829d2455ec4738
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f1259278f31d49e7965135dc4fd92f5f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f1259278f31d49e7965135dc4fd92f5f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f1259278f31d49e7965135dc4fd92f5f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f1259278f31d49e7965135dc4fd92f5f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f1259278f31d49e7965135dc4fd92f5f
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=f1259278f31d49e7965135dc4fd92f5f
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Cholesterol 369.352 10.50 

204 dataset 

matches; 

102 human, 

49 mouse, 6 

rat, 5 

environment

, 17 food 

metagenome

, ~5 plant 

(seaweed, 

tomato, 

sugarcane, 

thale cress, 

tomato), ~7 

other animal 

(baboon, 

dog, sheep) 

Bacteroides, 

Bifidobacterium, 

Akkermansia, 

Cutibacterium 

acnes, 

Streptomyces 

coelicolor, 

Pseudomonas 

aeruginosa 

Amerindians 

urbanization 

gradient, Nobel 

twin study, 

American Gut 

(with plant 

consumption 

comparison and 

UK), Human 

gut bacteria 

biotransformatio

n, urbanization 

gradient foods, 

ONR Wright 

human study, 

ONR human 

diet, ONR 

human fecal, 

Molecular 

analysis of 

human brain 

tissues 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=4

d622370a5fa4ad

5bb1eab577469d

246 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4d622370a5fa4ad5bb1eab577469d246
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4d622370a5fa4ad5bb1eab577469d246
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4d622370a5fa4ad5bb1eab577469d246
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4d622370a5fa4ad5bb1eab577469d246
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4d622370a5fa4ad5bb1eab577469d246
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=4d622370a5fa4ad5bb1eab577469d246
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(R)-4-

((3R,5S,8R,9S,10S

,13R,14S,17R)-3-

hydroxy-10,13-

dimethyl-7,12-

dioxohexadecahyd

ro-1H-

cyclopenta[a]phen

anthren-17-

yl)pentanoic acid 

405.264 4.81 

51 dataset 

matches; 22 

human, 12 

mouse, 1 

rat, 1 

environment

, 5 food 

metagenome

, ~3 other 

animal 

(cheetah) 

Streptomyces, 

Pseudonocardia, 

Gordonia, 

Kitasatospora 

Human-

associated 

bacteria 

cultured with 

bile acids, IBD 

severity, 

American Gut 

(with plant 

consumption 

comparison), 

Zoo mammal 

fecal samples231, 

Nobel twin 

study, IBD 

severity 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=8

cfb07ca20de46af

9157341b39d25d

e5 

Present 

Glycoursodeoxych

olic acid 
414.301 5.01 

47 dataset 

matches; 26 

human, 2 

mouse, 5 

rat, 3 

environment

, ~2 other 

animal 

(baboon), 

~1 plant 

(tomato) 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Alteromonas, 

Pseudomonas 

fragi, E. coli, 

Streptomyces 

Human 

rheumatoid 

arthritis, ONR 

primary wright, 

Human gut 

bacteria 

biotransformatio

n, Nobel twin 

study, 

Amerindians 

urbanization 

gradient, 

Analysis of 

Alzheimer’s 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=4

3e8d71f3ad84cc

0b7a7967e821a4

5a9 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8cfb07ca20de46af9157341b39d25de5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8cfb07ca20de46af9157341b39d25de5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8cfb07ca20de46af9157341b39d25de5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8cfb07ca20de46af9157341b39d25de5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8cfb07ca20de46af9157341b39d25de5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8cfb07ca20de46af9157341b39d25de5
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=43e8d71f3ad84cc0b7a7967e821a45a9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=43e8d71f3ad84cc0b7a7967e821a45a9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=43e8d71f3ad84cc0b7a7967e821a45a9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=43e8d71f3ad84cc0b7a7967e821a45a9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=43e8d71f3ad84cc0b7a7967e821a45a9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=43e8d71f3ad84cc0b7a7967e821a45a9
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Cholic acid 426.318 5.19 

187 dataset 

matches; 51 

human, 54 

mouse, 10 

rat, 15 

environment

, 13 food 

metageneom

e, ~2 plant 

(Ardisia 

crenata, 

thale cress), 

~6 other 

animal 

(baboon, 

dog, 

cheetah, 

sheep) 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Roseburia, 

Eggerthella, 

Clostridium, 

Pseudomonas, 

Stenotrophomon

as, 

Achromobacter, 

Salinispora, 

Photobacterium 

galatheae, 

Paenibacillus 

peoriae, 

Xenorhabdus 

hominickii, 

Streptomyces, 

Salinispora, 

Nocardiopsis, 

Brevibacterium, 

Bacillus, 

Alteromonas 

ONR Wright 

Human study, 

ONR Primary 

Wright, Burger 

ingredients, 

Human gut 

bacteria 

biotransformatio

n, American 

Gut (also UK), 

Zoo mammal 

fecal samples231, 

Nobel twin 

study, IBD 

severity 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=4

96f2c33aaed4da

0a9096623376f7

afe 

Present 

6R)-2-

(hydroxymethyl)-

6-

((3R,5R,7R,8R,9S,

10S,12S,13R,14S,

17R)-3,7,12-

trihydroxy-10,13-

dimethylhexadeca

hydro-1H-

431.318 5.25 

6 dataset 

matches; 1 

human, 2 

mouse, 2 

rat, 1 other 

animal 

(cheetah) 

NA 

Amerindians 

Urbanization 

gradient 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=9

d7b3242ba97467

f88cc7e2849a73

c9a  

Absent 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=496f2c33aaed4da0a9096623376f7afe
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=496f2c33aaed4da0a9096623376f7afe
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=496f2c33aaed4da0a9096623376f7afe
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=496f2c33aaed4da0a9096623376f7afe
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=496f2c33aaed4da0a9096623376f7afe
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=496f2c33aaed4da0a9096623376f7afe
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9d7b3242ba97467f88cc7e2849a73c9a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9d7b3242ba97467f88cc7e2849a73c9a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9d7b3242ba97467f88cc7e2849a73c9a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9d7b3242ba97467f88cc7e2849a73c9a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9d7b3242ba97467f88cc7e2849a73c9a
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9d7b3242ba97467f88cc7e2849a73c9a
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cyclopenta[a]phen

anthren-17-

yl)heptanoic acid 

Oleanolic acid 439.359 7.62 

106 dataset 

matches; 22 

human,  11 

mouse, 3 

rat, 5 

environment

, 16 food 

metagenome

, ~5 other 

animal 

(cheetah, 

ant), ~11 

plant 

(rosemary, 

Fraxinus 

excelsior, 

oranges, 

corn, 

tomato, 

Parietaria 

judaica) 

Streptomyces, 

Burkholderia, 

Bacillus, 

Eggerthella 

lenta, 

Cyanonacteria, 

Staphylococcus, 

Acinetobacter 

pittii, Pantoea 

conspicua, 

Klebsiella, 

Enterobacter 

ONR Wright 

Human study, 

American Gut, 

Amazon 

urbanization 

housing 

analysis, 

Urbanization 

gradient foods, 

Zoo mammal 

fecal samples231 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=8

00acf7db452461

c9d0a890f990ec

d83 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=800acf7db452461c9d0a890f990ecd83
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=800acf7db452461c9d0a890f990ecd83
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=800acf7db452461c9d0a890f990ecd83
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=800acf7db452461c9d0a890f990ecd83
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=800acf7db452461c9d0a890f990ecd83
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=800acf7db452461c9d0a890f990ecd83
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Glycocholic acid 446.32 4.69 

204 dataset 

matches; 85 

human, 19 

mouse, 2 

rat, 2 

environment

, 18 food 

metagenome

, ~9 plant 

(corn, 

tomato, 

Ardisia 

crenata), ~7 

other animal 

(rhino, 

baboon, 

cheetah) 

Cyanobacteria, 

Pseudomonas, 

Streptomyces, E. 

coli, 

Alteromonas, 

Bacillus subtilis, 

Pseudonocardia, 

Gordonia, 

Kitasatospora, 

Actinomadura, 

Nocardia, 

Actinomycetes,Ps

eudoalteromonas

, Roseovarius, 

Staphylococcus 

aureus, 

Bacteroides, 

Akkermansia, 

Bifidobacterium, 

Roseburia, 

Eggerthella, 

Clostridium, 

Paenibacillus, 

Cutibacterium 

acnes 

Human-

associated 

bacteria 

cultured with 

bile acids, ONR 

Wright human 

study, IBD 

human samples, 

Burger 

ingredients, 

Human 

rheumatoid 

arthritis, Human 

gut bacteria 

biotransformatio

n, Amerindians 

urbanization 

gradient, 

Urbanization 

gradient foods, 

ONR human 

plasma, ONR 

primary bile 

acids, Nobel 

twin study, 

Salinispora, 

American Gut 

(with plant 

consumption 

comparison) 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=8

d5d343a95964fa

ba310802031883

7ff  

Absent 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8d5d343a95964faba3108020318837ff
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8d5d343a95964faba3108020318837ff
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8d5d343a95964faba3108020318837ff
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8d5d343a95964faba3108020318837ff
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8d5d343a95964faba3108020318837ff
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=8d5d343a95964faba3108020318837ff
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Enoxolone 471.347 6.92 

32 dataset 

matches; 12 

human, 2 

mouse, 2 

environment

, 4 food 

metagenome

, ~2 other 

animal 

(cheetah), 

~3 plant 

(melon) 

Bacillus subtilis, 

E. coli 

American Gut 

(also UK), 

Ancient DNA 

teeth 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=b

dc20710970b4c4

7a99c178a1c260

6e9 

Absent 

Bilirubin 585.272 8.90 

123 dataset 

matches; 65 

human, 33 

mouse, 7 

rat, 1 

environment

, 1 food 

metagenome

, ~5 other 

animal 

(cheetah, 

baboon, 

dog), ~2 

plant 

(tomato, 

thale cress) 

Streptomyces 

albus, 

Kitasatospora 

cystarginea 

ONR human 

plasma, IBD 

human fecal 

samples, ONR 

Primary Wright, 

Human 

rheumatoid 

arthritis, 

American gut 

(with  plant 

consumption 

comparison), 

Amerindians 

urbanization 

gradient, 

Amazon 

urbanization 

housing 

analysis, IBD 

severity 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=2

405d7eb22f64cc

eba64d6b43bd2f

0aa  

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bdc20710970b4c47a99c178a1c2606e9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bdc20710970b4c47a99c178a1c2606e9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bdc20710970b4c47a99c178a1c2606e9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bdc20710970b4c47a99c178a1c2606e9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bdc20710970b4c47a99c178a1c2606e9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=bdc20710970b4c47a99c178a1c2606e9
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2405d7eb22f64cceba64d6b43bd2f0aa
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2405d7eb22f64cceba64d6b43bd2f0aa
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2405d7eb22f64cceba64d6b43bd2f0aa
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2405d7eb22f64cceba64d6b43bd2f0aa
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2405d7eb22f64cceba64d6b43bd2f0aa
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=2405d7eb22f64cceba64d6b43bd2f0aa
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Urobilin 591.318 4.07 

116 dataset 

matches; 62 

human, 34 

mouse, 6 

rat, 6 

environment

, ~4 other 

animal 

(cheetah, 

cats, rhino), 

~1 plant 

(tomato) 

NA 

ONR Primary 

Wright, ONR 

Human Study, 

IBD severity, 

Human 

rheumatoid 

arthritis, 

American Gut 

(with plant 

consumption 

comparison), 

Zoo mammal 

fecal samples231, 

IBD severity, 

Nobel twin 

study 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=d

a0037fa7f4c4f72

860d39a4d71844

02 

Present 

Stercobilin 595.349 4.05 

94 dataset 

matches; 57 

human, 16 

mouse, 6 

rat, 6 

environment

, 2 food 

metagenome

, ~4 other 

animal 

(rhino), ~2 

plant 

(Genipapo, 

tomato) 

NA 

ONR human 

fecal, ONR 

Primary Wright, 

IBD severity, 

American gut 

(also UK), 

Amazon 

urbanization 

housing 

analysis, 

Amazon 

urbanization 

skin and 

environmental 

samples, Zoo 

mammal fecal 

samples231, 

https://gnps.ucsd.

edu/ProteoSAFe/

status.jsp?task=e

314b28d4ff343c

cbef124eb09ffb0

16 

Present 

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da0037fa7f4c4f72860d39a4d7184402
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da0037fa7f4c4f72860d39a4d7184402
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da0037fa7f4c4f72860d39a4d7184402
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da0037fa7f4c4f72860d39a4d7184402
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da0037fa7f4c4f72860d39a4d7184402
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=da0037fa7f4c4f72860d39a4d7184402
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e314b28d4ff343ccbef124eb09ffb016
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e314b28d4ff343ccbef124eb09ffb016
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e314b28d4ff343ccbef124eb09ffb016
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e314b28d4ff343ccbef124eb09ffb016
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e314b28d4ff343ccbef124eb09ffb016
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e314b28d4ff343ccbef124eb09ffb016
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Nobel twin 

study, Anti-

inflammatory 

diet of 

rheumatoid 

arthritis 

patients, 

Analysis of 

Alzheimer's 

disease 
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Table S2.4. MZmine parameters for feature-based molecular networking.  

*Only done for gap-filled analyses 

MZmine v 2.33   

Method Parameter Value 

Mass Detection 
MS1 1.80E+05 

MS2 1.00E+03 

Chromatogram Builder 

Min time span (min) 0.01 

Min height 5.40E+05 

m/z tolerance (ppm) 1.00E+01 

Filter MS1 

Chromatogram Deconvolution - Local 

Minimum Search 

Chromatographic Threshold 5% 

Search minimum in RT  range 0.10 min 

Min relative height 15% 

Min absolute height 3.00E+05 

Min ratio of peak top/edge 2 

Peak duration range 0.01-1.5min 

m/z range for MS2 scan pairing 0.01 

RT range for MS2 scan pairing 0.1min 

Isotopic Peaks Grouper 

m/z tolerance (ppm) 1.00E-02 

Retention time tolerance (min) 0.05 

Max charge 3 

Representative isotope Lowest m/z 

Monotonic shape Yes 

Join Aligner 

m/z tolerance (ppm) 10 

Weight for m/z 5 

Weight for RT 1 

Retention time tolerance (min) 0.5 

Peaks List Row Filter 

Retention time (min) 0.2-12.51 

Min peaks per row 

empty (leave 

unchecked) 

Keep only peaks with MS2 scan 

(GNPS) yes 

Gap Filling Peak Finder* 

Intensity tolerance (%) 75 

m/z tolerance (ppm) 1.00E+01 

m/z tolerance (m/z) 1.00E-06 

Retention time tolerance (min) 0.3 

RT correction yes 
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Figure S3.1: Differential impact of diet on alpha diversity of microbiota-modulated 

metabolites in cecum. 

Effects of diet on microbiome communities by (A) SubA, (B) SubB, and (C) SubC. 
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Figure S3.2: Gut community and diet modulate serum metabolites.  

(A) PCoA of Bray-Curtis dissimilarities from serum microbial metabolites for all three donors. 

(B-D) PCoA of Bray-Curtis dissimilarities from serum microbial metabolites for each donor 

donors.  SubA (B), SubB (C) and SubC (D). (E-G) Numbers of elevated/depleted metabolites 

presented in different diets in each donor.  (H-J) Numbers of elevated/depleted metabolites 

presented in different donors in each diet. 
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Figure S3.3: Differential impact of diet on alpha diversity of microbiota-modulated 

metabolites in the serum. 
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Figure S3.4: Unique and overlapping metabolite features at differential levels between donors 

and diets in serum (UpSet plot).  

Kruskal-Wallis, FDR-corrected, p<0.05 and fold change ≥ 2. Figure subset to only include 

overlaps containing two or more features. Connected black circles represent experimental diet-

donor pairs that had significantly modulated metabolite features in common (intersections 

between groups). Colored columns represent the number of microbiome-modulated metabolite 

features in each intersection, colored by Classyfire superclass. Row bars represent the number 

of metabolite features in a given set, for example 21 features that differed between SubC under a 

vegetable diet (SubC-V) and SubC under a whole grain diet (SubC-WG). Features whose 

differential abundance was characteristic of a given donor+diet combination is marked by gold 

boxes. Features whose differential abundance was characteristic of the whole grain diet are 

marked by a red box. V, vegetable; L, legume; WG, whole grain diets. Last row (subB-L & subB-

V) is empty because only overlaps of >2 metabolite features are shown here. 
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Supplementary Table 4.1 

Table S4.1: Sampled plant/diet list. 

“SO” represents Summer Oaxaca, “WO” represents Winter Oaxaca, “_F” represents a fruit sample, “_S” represents a seed sample, 

“SV” represents Summer Villahermosa, “NM.FT” represents New Mexico Flowering Tree, “NM.PSW” represents New Mexico 

Plants of the Southwest, and “SB” represents Southern Belize. “NA” values represent values not available. 

SampleID Common 

name 

Taxonomy Region Site Botanical 

Part 

Year 

SO01 Chile pulla Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO02 Chile de 

onza 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO03 Chile morita Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO04 Chile costeno 

amarillo 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO05 Chile costeno Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO06 Chile 

chiltepec 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO07 Chile de 

arbol 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO08 Chipotle 

meco 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO09 Chile 

cascabe 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO10 Chile mulato Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO11 Chipote rojo Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO12 Chile guajillo Capsicum annuum Mexico Summer Oaxaca Fruit 2006 
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SO13 Chile ancho 

rojo 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO14 Pasilla 

mexicana 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO15 Chile tuxtla Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO16 Chile 

chintepe 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO17 Chile mulato Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO18 Chile ancho 

negro 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO19 Pasilla 

oaxaqueno 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO20 Chile de 

onza 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO21 Chile de 

agua 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO22 Chiuacle Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO23 Chile pico de 

gallo 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO24 Chile 

chilhuacle 

rojo 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO25 Chile de 

onza amarillo 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO26 Chile costeno 

amarillo 

Capsicum annuum Mexico Summer Oaxaca Fruit 2006 

SO28 Ciruela Spondias sp. Mexico Summer Oaxaca Fruit 2006 

SO29 Maracuya  Passiflora edulis Mexico Summer Oaxaca Fruit 2006 

SO30 Guava Psidium guajava Mexico Summer Oaxaca Fruit 2006 
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SO31 Aguacate 

criollo 

Persea americana Mexico Summer Oaxaca Fruit 2006 

SO32 Chayote 

grande 

Sechium edulis Mexico Summer Oaxaca Fruit 2006 

SO33 Chayote Sechium edulis Mexico Summer Oaxaca Fruit 2006 

SO34 Aguacate 

criollo 

Persea americana Mexico Summer Oaxaca Fruit 2006 

SO35 Mesquite Prosopis sp. Mexico Summer Oaxaca Seed 2006 

SO36 Nopal cacuts Opuntia ficus-indica Mexico Summer Oaxaca Stem 2006 

SO37 Avocado Persea americana Mexico Summer Oaxaca Fruit 2006 

SO38 Red prickly 

pear 

Opuntia ficus-indica Mexico Summer Oaxaca Fruit  2006 

SO39 Green 

prickly pear 

Opuntia ficus-indica Mexico Summer Oaxaca Fruit  2006 

SO41 Maguey 

worm 

Hypopta agavis Mexico Summer Oaxaca Insect 2006 

SO42 Chapulines 

pequeno 

Sphenarium spp.  Mexico Summer Oaxaca Insect 2006 

SO43 Chapulines 

grande 

Sphenarium spp.  Mexico Summer Oaxaca Insect 2006 

WO02 Cola de 

caballo 

Equisetum spp. Mexico Winter Oaxaca Stem 2005 

WO03 Gordolobo Gnaphalium spp. Mexico Winter Oaxaca Flower 2005 

WO04 Cascara de 

encino rojo 

Quercus rubra Mexico Winter Oaxaca Wood 2005 

WO08 Cascara de 

pallo dulce 

Eysenhardtia 

polystachya 

Mexico Winter Oaxaca Wood 2005 

WO10 Pinguica Arctostaphylos 

pungens 

Mexico Winter Oaxaca Leaf 2005 

WO12 Guaje Leucaena esculenta Mexico Winter Oaxaca Seed 2005 
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WO13 Nopal cactus Opuntia ficus-indica Mexico Winter Oaxaca Stem 2005 

WO14 Sweet potato Ipomaea batatas Mexico Winter Oaxaca Tuber 2005 

WO15 Chayote 

(smooth) 

Sechium edulis Mexico Winter Oaxaca Fruit 2005 

WO16 Tomatillo Physalis philadelphica Mexico Winter Oaxaca Fruit 2005 

WO17 Habanjero Capsicum chinense Mexico Winter Oaxaca Fruit 2005 

WO18 Jalapeno Capsicum annuum Mexico Winter Oaxaca Fruit 2005 

WO19 Serrano 

pepper 

Capsicum annuum Mexico Winter Oaxaca Fruit 2005 

WO20 Jalapeno Capsicum annuum Mexico Winter Oaxaca Fruit 2005 

WO22 Huiche 

squash 

Cucurbita pepo Mexico Winter Oaxaca Seed 2005 

WO23 Tambulo 

squash 

Cucurbita pepo Mexico Winter Oaxaca Seed 2005 

WO24 Huiche 

squash 

Cucurbita pepo Mexico Winter Oaxaca Fruit 2005 

WO25 Huiche 

squash 

Cucurbita pepo Mexico Winter Oaxaca Flower 2005 

WO26 Chipil Crotelaria sp. Mexico Winter Oaxaca Leaf 2005 

WO27 Maize Zea mays Mexico Winter Oaxaca Seed 2005 

WO28 Berro Nasturtium officinale Mexico Winter Oaxaca Leaf 2005 

WO29 Guatomate Lycopersicon 

esculentum 

Mexico Winter Oaxaca Fruit 2005 

WO31 Zucchini Cucurbita pepo Mexico Winter Oaxaca Fruit 2005 

WO34 Jitomate rojo Lycopersicon 

esculentum 

Mexico Winter Oaxaca Fruit 2005 

WO35 Jitomate Lycopersicon 

esculentum 

Mexico Winter Oaxaca Fruit 2005 

WO36 Guava Psidium guajava Mexico Winter Oaxaca Fruit 2005 
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WO37 Cacao Theobroma cacao Mexico Winter Oaxaca Seed 2005 

WO40 Jicama Pachyrhizus erosus Mexico Winter Oaxaca Tuber 2005 

WO41 Aguacate 

criollo 

Persea americana Mexico Winter Oaxaca Fruit 2005 

WO42 Nance Byrsonima crassifolia Mexico Winter Oaxaca Fruit 2005 

WO43 Guanabana Annona muricata Mexico Winter Oaxaca Fruit 2005 

WO44 Mamey Pouteria sapota Mexico Winter Oaxaca Fruit 2005 

WO45 Ciruela Spondias sp. Mexico Winter Oaxaca Fruit 2005 

WO46 Chicozapote Manilkara zapotilla Mexico Winter Oaxaca Fruit 2005 

WO47 Zapote negro Diospyros digyna Mexico Winter Oaxaca Fruit 2005 

WO48 Zapote negro 

(ripe) 

Diospyros digyna Mexico Winter Oaxaca Fruit 2005 

WO49 Black walnut Juglans sp.  Mexico Winter Oaxaca Seed 2005 

WO50 Bean (flor de 

mayo) 

Phaseolus vulgaris Mexico Winter Oaxaca Seed 2005 

WO51 Bean (uallo) Phaseolus vulgaris Mexico Winter Oaxaca Seed 2005 

WO52 Bean 

(blanco) 

Phaseolus vulgaris Mexico Winter Oaxaca Seed 2005 

WO73_F Yellow 

squash 

Cucurbita sp. Mexico Winter Oaxaca Fruit 2005 

WO73_S Yellow 

squash 

Cucurbita sp. Mexico Winter Oaxaca Seed 2005 

WO74_F White squash Cucurbita moschata Mexico Winter Oaxaca Fruit 2005 

WO74_S White squash Cucurbita moschata Mexico Winter Oaxaca Seed 2005 

WO77 Chapulines 

grande 

Sphenarium spp. Mexico Winter Oaxaca Meat 2005 

WO83 Pulque Agave spp. Mexico Winter Oaxaca Alcohol 2005 

WO84 Amaranth Amaranthus spp. Mexico Winter Oaxaca Seed cake 2005 

WO86 Chipil Crotelaria sp. Mexico Winter Oaxaca Leaf 2005 
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WO88 Camote Ipomaea batatas Mexico Winter Oaxaca Tuber 2005 

WO89 Pimento Capsicum annuum Mexico Winter Oaxaca Fruit 2005 

WO90 Yuca Manihot esculenta Mexico Winter Oaxaca Tuber 2005 

WO91 Mexican 

oregano 

Lippia graveolens Mexico Winter Oaxaca Leaf 2005 

WO93 Tepeguaje Leucaena sp. Mexico Winter Oaxaca Leaf 2005 

WO94 Achiote Bixa orellana Mexico Winter Oaxaca Seed 2005 

WO98 Mesquite Prosopis sp. Mexico Winter Oaxaca Pod/seed 2005 

WO100 Chayote 

(spiny) 

Sechium edulis Mexico Winter Oaxaca Fruit 2005 

WO101 Chicozapote  Manilkara zapotilla Mexico Winter Oaxaca Fruit 2005 

WO102 Chile guajillo Capsicum annuum Mexico Winter Oaxaca Fruit 2005 

WO103 Chile Capsicum annuum Mexico Winter Oaxaca Fruit 2005 

WO104 Chile ancho Capsicum annuum Mexico Winter Oaxaca Fruit 2005 

WO105 Chile ancho Capsicum annuum Mexico Winter Oaxaca Fruit 2005 

WO106 Chile Capsicum annuum Mexico Winter Oaxaca Fruit 2005 

WO108 Chile de 

arbol 

Capsicum annuum Mexico Winter Oaxaca Fruit 2005 

WO110 Epazote Chenopodium 

ambrosioides 

Mexico Winter Oaxaca Leaf 2005 

SV01 Nance Byrsonima crassifolia Mexico Summer Villahermosa Fruit 2006 

SV02 Papaya Carica papaya Mexico Summer Villahermosa Fruit 2006 

SV03 Guava Psidium guajava Mexico Summer Villahermosa Fruit 2006 

SV06 Avocado Persea americana Mexico Summer Villahermosa Fruit 2006 

SV07 Chile picante Capsicum annuum Mexico Summer Villahermosa Fruit 2006 

SV08 Chile dulce Capsicum annuum Mexico Summer Villahermosa Fruit 2006 

SV09 Chile 

habañero 

Capsicum chinense Mexico Summer Villahermosa Fruit 2006 
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SV10 Yuca Manihot esculenta Mexico Summer Villahermosa Tuber 2006 

SV11 Chayote Sechium edulis Mexico Summer Villahermosa Fruit 2006 

SV13 Squash Cucurbita sp. Mexico Summer Villahermosa Fruit 2006 

SV14 Pitaya Hylocereus undatus Mexico Summer Villahermosa Fruit 2006 

SV15 Guajilote Parmentiera edulis Mexico Summer Villahermosa Fruit 2006 

SV18 Nopal cactus Opuntia ficus-indica Mexico Summer Villahermosa Stem 2006 

SV19 Jicama Pachyrhizus erosus Mexico Summer Villahermosa Tuber 2006 

SV23 Jitomate rojo Lycopersicon 

esculentum 

Mexico Summer Villahermosa Fruit 2006 

SV24 Jitomate 

verde 

Lycopersicon 

esculentum 

Mexico Summer Villahermosa Fruit 2006 

SV25 Green 

prickly pear 

Opuntia ficus-indica Mexico Summer Villahermosa Fruit  2006 

SV26 Chile Capsicum annuum Mexico Summer Villahermosa Fruit 2006 

SV28 Shrimp NA Mexico Summer Villahermosa Shrimp 2006 

SV30 Chiquijul Bactris sp.  Mexico Summer Villahermosa Fruit 2006 

SV31 Maize Zea mays Mexico Summer Villahermosa Seed 2006 

SV32 Pineapple Ananas cosmosus Mexico Summer Villahermosa Fruit 2006 

SV37 Cancerillo Asclepias curassavica Mexico Summer Villahermosa Leaf 2006 

SV38 Maize 

(blanco) 

Zea mays Mexico Summer Villahermosa Seed 2006 

SV39 Bean (bayo) Phaseolus vulgaris Mexico Summer Villahermosa Seed 2006 

SV40 Bean (flor de 

mayo) 

Phaseolus vulgaris Mexico Summer Villahermosa Seed 2006 

SV42 Pipian 

squash 

Cucurbita mixta Mexico Summer Villahermosa Seed 2006 

SV45 Sunflower Helianthus annuus Mexico Summer Villahermosa Seed 2006 

SV55 Pinguica Arctosaphylos 

pungens 

Mexico Summer Villahermosa Fruit 2006 
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SV56 Toronjil Agastache mexicana Mexico Summer Villahermosa Leaf 2006 

SV57 Bean (negro) Phaseolus vulgaris Mexico Summer Villahermosa Seed 2006 

SV58 Bean 

(blanco) 

Phaseolus vulgaris Mexico Summer Villahermosa Seed 2006 

SV59 Squash Cucurbita sp. Mexico Summer Villahermosa Seed 2006 

SV60 Turkey 

(cooked) 

Meleagris gallopavo Mexico Summer Villahermosa Bird 2006 

SV61 Chaya Cnidoscolus 

chayamansa 

Mexico Summer Villahermosa Leaf 2006 

SV62 Chile 

anachito 

Capsicum annuum Mexico Summer Villahermosa Fruit 2006 

SV65 Chipil Crotelaria sp. Mexico Summer Villahermosa Leaf 2006 

SV67 Epazote Chenopodium 

ambrosioides 

Mexico Summer Villahermosa Leaf 2006 

SV68 Melocoton, 

cassabanana 

Sicana odorifera Mexico Summer Villahermosa Fruit 2006 

SV70 Bandesopa, 

poshte 

Annona scleroderma Mexico Summer Villahermosa Fruit 2006 

SV71 Macal/Cocoy

am 

Xanthosoma 

sagittifolium 

Mexico Summer Villahermosa Tuber 2006 

SV73 Sweet potato Ipomaea batatas Mexico Summer Villahermosa Tuber 2006 

SV74 Maracuya  Passiflora edulis Mexico Summer Villahermosa Fruit 2006 

SV75 Guava Psidium guajava Mexico Summer Villahermosa Fruit 2006 

SV76 Mamey Pouteria sapota Mexico Summer Villahermosa Fruit 2006 

SV77 Chicozapote Manilkara zapotilla Mexico Summer Villahermosa Fruit 2006 

SV78 Honey (bee) NA Mexico Summer Villahermosa Honey 2006 

SV79 Crab NA Mexico Summer Villahermosa Meat 2006 

SV80 Shrimp NA Mexico Summer Villahermosa Meat 2006 

SV81 Crayfish NA Mexico Summer Villahermosa Meat 2006 



258 

 

NM_FT01 Amaranth 

(red) 

NA New 

Mexico 

Flowering Tree Seed 2022 

NM_FT03 Amaranth 

(red) 

NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT06 Amaranth 

(red) 

NA New 

Mexico 

Flowering Tree Stem 2022 

NM_FT08 Wild spinach NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT15 Wild spinach NA New 

Mexico 

Flowering Tree Stem 2022 

NM_FT16 Mesquite NA New 

Mexico 

Flowering Tree Ground-up 2022 

NM_FT18 Indian rice NA New 

Mexico 

Flowering Tree Grain 2022 

NM_FT20 Rocky 

mountain 

beeweed 

NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT23 Rocky 

mountain 

beeweed 

NA New 

Mexico 

Flowering Tree Flower 2022 

NM_FT24 Purslane NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT26 Purslane NA New 

Mexico 

Flowering Tree Stem 2022 

NM_FT28 Dandelion NA New 

Mexico 

Flowering Tree Flower 2022 

NM_FT30 Dandelion NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT31 Dandelion NA New 

Mexico 

Flowering Tree Stem 2022 
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NM_FT32 Pigweed NA New 

Mexico 

Flowering Tree Spiny leaf 2022 

NM_FT34 Pigweed NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT36 Pigweed NA New 

Mexico 

Flowering Tree Stem 2022 

NM_FT37 Artichoke NA New 

Mexico 

Flowering Tree Root 2022 

NM_FT39 Tomatillo 

(round) 

NA New 

Mexico 

Flowering Tree Bulb 2022 

NM_FT40 Tomatillo 

(round) 

NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT42 Tomatillo 

(long) 

NA New 

Mexico 

Flowering Tree Bulb 2022 

NM_FT43 Tomatillo 

(long) 

NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT44 Tomatillo 

(long) 

NA New 

Mexico 

Flowering Tree Stem 2022 

NM_FT45 Cushaw NA New 

Mexico 

Flowering Tree Flesh 2022 

NM_FT46 Cushaw NA New 

Mexico 

Flowering Tree Seed 2022 

NM_FT47 Dried squash NA New 

Mexico 

Flowering Tree Flesh 2022 

NM_FT49 Tewa brown-

seeded 

watermelon 

NA New 

Mexico 

Flowering Tree Seed 2022 

NM_FT50 Ancient 

watermelon 

NA New 

Mexico 

Flowering Tree Seed 2022 
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NM_FT51 Santo 

Domingo 

watermelon 

NA New 

Mexico 

Flowering Tree Seed 2022 

NM_FT52 Taos Pueblo 

Squash 

NA New 

Mexico 

Flowering Tree Seed 2022 

NM_FT53 Pueblo 

Squash 

NA New 

Mexico 

Flowering Tree Seed 2022 

NM_FT54 Sand cherry NA New 

Mexico 

Flowering Tree Fruit 2022 

NM_FT55 Sand cherry NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT56 Sand cherry NA New 

Mexico 

Flowering Tree Stem 2022 

NM_FT57 Cultivated 

raspberry 

NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT59 Cultivated 

currants 

NA New 

Mexico 

Flowering Tree Berry 2022 

NM_FT61 Wild plum NA New 

Mexico 

Flowering Tree Fruit 

(purple) 

2022 

NM_FT62 Wild plum NA New 

Mexico 

Flowering Tree Fruit 

(yellow) 

2022 

NM_FT63 Choke cherry 

(jam possibly 

with honey) 

NA New 

Mexico 

Flowering Tree Jam 2022 

NM_FT64 Prickly pear NA New 

Mexico 

Flowering Tree Fruit 2022 

NM_FT66 Cholla NA New 

Mexico 

Flowering Tree Bud 2022 

NM_FT67 Pinyon NA New 

Mexico 

Flowering Tree Berry 2022 
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NM_FT69 Wild currant NA New 

Mexico 

Flowering Tree Berry 2022 

NM_FT71 Pueblo 

tobacco 

NA New 

Mexico 

Flowering Tree Leaf (dried) 2022 

NM_FT73 Pueblo 

tobacco 

NA New 

Mexico 

Flowering Tree Stem (dried) 2022 

NM_FT74 Sumac NA New 

Mexico 

Flowering Tree Bulb 2022 

NM_FT75 Large 

sunflower 

NA New 

Mexico 

Flowering Tree Seed 2022 

NM_FT76 Small 

sunflower 

NA New 

Mexico 

Flowering Tree Flower 2022 

NM_FT77 Small 

sunflower 

NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT78 Small 

sunflower 

NA New 

Mexico 

Flowering Tree Stem 2022 

NM_FT83 Cota/indian 

tea 

NA New 

Mexico 

Flowering Tree Flower 

(dried) 

2022 

NM_FT85 Cota/indian 

tea 

NA New 

Mexico 

Flowering Tree Stem (dried) 2022 

NM_FT86 Devil's claw 

(green) 

NA New 

Mexico 

Flowering Tree Bulb 2022 

NM_FT87 Devil's claw 

(dried black) 

NA New 

Mexico 

Flowering Tree Bulb 2022 

NM_FT88 Juniper NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT90 Juniper NA New 

Mexico 

Flowering Tree Stem 2022 

NM_FT91 Mormon tea NA New 

Mexico 

Flowering Tree Leaf 2022 
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NM_FT93 Mormon tea NA New 

Mexico 

Flowering Tree Stem 2022 

NM_FT95 Salt bush NA New 

Mexico 

Flowering Tree Leaf 2022 

NM_FT96 Salt bush NA New 

Mexico 

Flowering Tree Stem 2022 

NM_FT97 Squash 

(green) 

NA New 

Mexico 

Flowering Tree Flesh 2022 

NM_PSW99 Scarlet 

globemallow 

NA New 

Mexico 

Plants of the Southwest Petals 2022 

NM_PSW100 Texas ranger 

heavenly 

cloud 

NA New 

Mexico 

Plants of the Southwest Petals 2022 

NM_PSW101 Small leaved 

sumac 

NA New 

Mexico 

Plants of the Southwest Fruit 2022 

NM_PSW102 Sweet sand 

verbena 

NA New 

Mexico 

Plants of the Southwest Petals 2022 

NM_PSW103 New Mexico 

privet 

NA New 

Mexico 

Plants of the Southwest Leaf 2022 

NM_FT105 Chimayo NA New 

Mexico 

Flowering Tree Flesh 2022 

NM_FT106 Chimayo NA New 

Mexico 

Flowering Tree Seed 2022 

NM_FT108 Corn (blue) NA New 

Mexico 

Flowering Tree Kernel 2022 

NM_FT109 Corn (bright 

yellow) 

NA New 

Mexico 

Flowering Tree Kernel 2022 

NM_FT110 Corn (dried 

dark yellow) 

NA New 

Mexico 

Flowering Tree Kernel 2022 
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NM_FT111 Corn (dried 

white-pink) 

NA New 

Mexico 

Flowering Tree Kernel 2022 

NM_FT112 Corn (dried 

red) 

NA New 

Mexico 

Flowering Tree Kernel 2022 

NM_FT113 Corn (dried 

black-purple) 

NA New 

Mexico 

Flowering Tree Kernel 2022 

NM_FT114 Corn (dried 

white) 

NA New 

Mexico 

Flowering Tree Kernel 2022 

NM_FT115 Yellow 

pasole 

(processed 

with lime) 

NA New 

Mexico 

Flowering Tree Kernel 2022 

NM_FT116 Blue atole 

(roasted with 

lime) 

NA New 

Mexico 

Flowering Tree Powder 2022 

NM_FT117 Red masa 

(processed 

with 

commercial 

lime) 

NA New 

Mexico 

Flowering Tree Powder 2022 

NM_FT118 Red posole 

(processed 

with lime) 

NA New 

Mexico 

Flowering Tree Powder 2022 

NM_FT119 Flowering 

tree chile 

NA New 

Mexico 

Flowering Tree Flesh 2022 

NM_FT120 Flowering 

tree chile 

NA New 

Mexico 

Flowering Tree Seed 2022 

NM_FT121 Yellow bean NA New 

Mexico 

Flowering Tree Bean 2022 
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NM_FT122 Taos read 

bean 

NA New 

Mexico 

Flowering Tree Bean 2022 

NM_FT123 Pueblo black 

bean 

NA New 

Mexico 

Flowering Tree Bean 2022 

NM_FT124 Anasazi bean NA New 

Mexico 

Flowering Tree Bean 2022 

NM_FT125 White tepary 

bean 

NA New 

Mexico 

Flowering Tree Bean 2022 

NM_FT126 Pueblo pinto 

bean 

NA New 

Mexico 

Flowering Tree Bean 2022 

NM_FT127 Soil NA New 

Mexico 

Flowering Tree Soil 2022 

SB01 Toilet paper 

leaf 

NA Southern 

Belize 

Toledo district NA 2021 

SB02 Jippy Jappa NA Southern 

Belize 

Toledo district NA 2021 

SB03 Chaya NA Southern 

Belize 

NA NA 2022 

SB04 Small pepper NA Southern 

Belize 

Toledo district NA 2022 

SB05 Pumpkin NA Southern 

Belize 

Toledo district NA 2021 

SB06 White cacao  NA Southern 

Belize 

Bladen Nature Reserve  NA 2022 

SB07 Cassava NA Southern 

Belize 

Toledo district NA 2021 

SB08 Coco yam  NA Southern 

Belize 

Toledo district NA 2021 

SB09 Inga NA Southern 

Belize 

Toledo district NA 2021 
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SB11 Saw 

Palmetto 

NA Southern 

Belize 

Toledo district NA 2021 

SB12 Pacaya NA Southern 

Belize 

Toledo district NA 2021 

SB13 Wild passion 

fruit  

NA Southern 

Belize 

Bladen Nature Reserve  NA 2022 

SB14 Kulah, Jippy 

Jappa 

NA Southern 

Belize 

Toledo district NA 2021 

SB15 Chiki 

Ginger, 

Heleconia  

NA Southern 

Belize 

Toledo district NA 2021 

SB16 Cat's Balls NA Southern 

Belize 

Toledo district NA 2021 

SB17 Heleconia  NA Southern 

Belize 

Toledo district NA 2021 

SB18 Cassava NA Southern 

Belize 

Toledo district NA 2021 

SB19 Cohune nut NA Southern 

Belize 

Toledo district NA 2021 

SB20 Cacao NA Southern 

Belize 

Toledo district NA 2021 

SB21 White cacao  NA Southern 

Belize 

Toledo district NA 2021 

SB22 Pumpkin NA Southern 

Belize 

Toledo district NA 2021 

SB23 Cohune nut NA Southern 

Belize 

Toledo district Nut 2022 

SB24 Red bean NA Southern 

Belize 

Toledo district Bean 2021 
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SB25 Black bean NA Southern 

Belize 

Toledo district Bean 2021 

SB26 Red corn NA Southern 

Belize 

Toledo district Kernel 2021 

SB27 Purple corn NA Southern 

Belize 

Toledo district Kernel 2021 

SB28 White corn NA Southern 

Belize 

Toledo district Kernel 2021 

SB29 Yellow corn NA Southern 

Belize 

Toledo district Kernel 2021 

SB30 Yellow corn NA Southern 

Belize 

Toledo district Kernel 2021 

SB31 White corn NA Southern 

Belize 

Toledo district Kernel 2021 

SB32 Purple corn NA Southern 

Belize 

Toledo district Kernel 2021 

SB33 Yellow corn NA Southern 

Belize 

Toledo district Kernel 2022 

SB34 White corn NA Southern 

Belize 

Toledo district Kernel 2022 

SB35 Purple corn NA Southern 

Belize 

Toledo district Kernel 2022 

ApisA European 

honeybee 

NA NA NA Honey 2022 

ApisB European 

honeybee 

NA NA NA Honey 2022 

MelA Melipona bee NA NA NA Honey 2022 

MelB Melipona bee NA NA NA Honey 2022 

 

 


